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Abstract

First Principles calculations, especially calculations based on High-Throughput Density Functional
Theory, have been widely accepted as the major approach in atomic scale materials design. First
Principles calculations performed in a high-performance computing environment have been used to
generate large materials databases with hundreds of thousands of records. The exponential growth of
computational materials is one of the main drivers to develop advanced materials database systems to
ensure efficient data storage, management, query, presentation and manipulation. This review covers
the most cutting edge materials database systems in materials design, and in important applications
such as in fuel cells. By comparing the advantages and drawbacks of these high-throughput First
Principles materials database systems, an optimized computational framework is suggested to meet the
specific needs of fuel cell applications. Further development of high-throughput DFT materials
databases, which in essence accelerates materials innovation, is also discussed.
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1. First Principles Calculations and High-Throughput Framework

The Schrodinger equation principally describes the relation between atoms and electrons in matter.
Solving the Schrodinger equation numerically provides the opportunity to predict materials properties
without using empirical parameters or any assumptions, which is the idea of ab initio. Being one of the
fast growing approaches to solve the Schrodinger equation, the Density Functional Theory (DFT)
initiated in the 1960s [1, 2] has been developed in almost half a century. However, the relevance of DFT
was limited due to the accuracy in theory, the immense calculations involved and the limitations of
computational hardware before the 1990s [3]. It’s not until the 21*" century that with ever-increasing
computational power, high efficiency computational algorithms, at the same time as the much lower
computational cost [4], the DFT gradually gained extensive applications in physics, chemistry and
materials science to investigate the electronic structure of many-body systems, particularly in atoms,
molecules, and condensed phases.

Being the world’s largest and most comprehensive research platform dedicated to information on
materials, their properties, and uses [5], the SpringerMaterials might be the oldest materials database as
well because it encompasses all volumes of the Landolt-Bornstein Series (founded in 1883). The total



461 volumes of Landolt-Bornstein Series, including 290,000 substances and 1,400,000 citations, are
collected in the SpringerMaterials database. Meanwhile it collects the complete Linus Pauling Files, a
database covering the properties of inorganic solid phases and containing 255,000 documents with
129,000 interactive structures [5], and a subset of the Dortmund Data Bank of Software and Separation
Technology which covers the thermophysical properties of pure liquids and binary mixtures with
472,000 data points [5]. These three primary data sources, along with an Adsorption Database (66
adsorbents), a Polymer Thermodynamics Database (150 polymers) and the MSI Database (4,100 reports
and 7,500 interactive phase diagrams), constructs SpringerMaterials a comprehensive database covering
the physical and chemical properties of materials. Researchers significantly benefits from not only the
comprehensive materials information the SpringerMaterials provides, but also its feature of a critical
review process ensuring the data is accurate, relevant and up to date. Another comprehensive material
warehouse with a long history since 1978 for experimental identified inorganic crystal structures, the
Inorganic Crystal Structure Database (ICSD) has so far accumulated 173,000 peer-reviewed data entries
[6], which include 2,019 crystal structures of the elements, 33,809 records of binary compounds, 65,126
records of ternary compounds, and 60,669 records of quaternary and quinary compounds published
since 1913. These experimental crystal structures not only offer excellent validation instances for First
Principles calculation results, but also provide abundant structural prototypes to initialize the First
Principles calculations [7]. Other similar experimental materials repositories, such as CRYSTMET [8],
Pauling File Inorganic Materials Database [9] and Pearson’s Crystal Data [10], along with the ICSD, have
significantly contributed to the research in the structure and properties of materials. However, these
empirical databases are understandably incomplete [11], not only due to the vast combination space,
but also due to the difficulties in experimentation. Furthermore, materials discovery often involves
significant repetitions of trial-and-error, which requires decades to identify a suitable material for an
application and might take longer for commercialization [12]. The complex multi-dimensional
optimization problem in materials design and development principally determines the materials
discovery a time-consuming process. In this point the numerical simulation of atomistic structures and
properties is thoroughly necessary to compensate the disadvantages in experimental methods. In
addition, with dramatic advances made over the last half century in calculating material properties
quickly and accurately [11], the recent rapid proliferation of computational data on materials properties
presents the possibility to complement and extend the databases where the experimental data is lacking
or difficult to obtain [13]. The emerging materials databases that integrate both computational and
empirical data open new frontier for researchers to synthesize and optimize novel materials.

If First Principles calculations can be regarded as the wheels in materials research, the high-throughput
DFT must be the highway paved for the exploration of novel materials. In order to develop the best
material for a specific application, the screened compounds include not only the experimentally
identified entries in the Inorganic Crystal Structure Database (ICSD), but also some combinations that
haven’t been discovered or only exist in theory. Facing the complex optimization procedure and the
enormous amount of compounds to screen, the simple iterations of DFT calculation become inefficient
due to its time-consuming instinct. Powered by high-performance parallel computing, high-throughput
First Principles calculations frameworks, such as high-throughput DFT (HT-DFT) evolved [4, 7, 11], which
performed the DFT calculations through the specific groups of compounds automatically and collected



the results for further analysis. Since the significant volume of input, output data and the workflow
information get involved in the high-throughput framework, databases were inevitably required in the
framework to store, manage, retrieve and analyze the materials properties, enhancing the efficiency of
the high-throughput framework dramatically. All these technical features distinguish the high-
throughput framework with significant advantages in not only wide-range scalability [7, 14] but also high
productivity in evaluating, predicting and discovering novel materials. In fact, the high-throughput
materials databases have so far collected almost the equivalent number of compounds as the empirical
databases by spending only about 1/10 of time the empirical ones have done.

With the launch of the Materials Genome Initiative [15], the high-throughput DFT framework ignites
more and more practical applications, which consequently contribute to the explosive growth of
computational materials repositories. New materials, particularly functional materials, have been
predicted and synthesized with the aid of high-throughput DFT framework to advance the steps in the
state-of-the-art fields such as fuel cells [16, 17, 18, 19]. In the following section, most of the currently
available high-throughput materials databases will be introduced with key features highlighted to help
researchers in selecting suitable high-throughput framework for specific applications. Taking the fuel cell
applications as examples, the last section illustrates how to utilize this powerful, productive tool in
discovering novel anode, cathode, electrolyte and catalyst materials.

2. Materials Databases Constructed by HT-DFT

2.1 AFLOWLIB

AFLOWLIB.org is an extensive repository comprising phase-diagrams, electronic structure and magnetic
properties, generated by the high-throughput framework AFLOW [11, 13, 20]. Started from 2003, the
high-throughput framework AFLOW is an assemblage of software tools compiled by over 150,000 lines
of C++ code [11]. It is written for UNIX systems with the GNU suite of compilers, which is fully multi-
threaded and parallel fitting for large scale computations. This continuously growing depository of
AFLOWLIB.org currently contains over 629,908 thermodynamic entries for alloys [21], covering 51,065
compounds from ICSD, 2,784 compounds of elements, 324,466 compounds of binaries and 261,191
Heuslers compounds at the time this article was written.

The source code and materials data of AFLOWLIB.org are mainly developed and maintained by a
research group in Duke University [21]. This repository provides the online interface for searching
specific compounds, sharing fruitful results such as calculation details, electronic structures, magnetic
properties and thermodynamic properties. All the available results were calculated by its powerful high-
throughput computational framework AFLOW. It automates calculations using DFT codes such as VASP
and Quantum Espresso [22]. By using high performance computers, the calculation time for each specific
compound can still be up to hours, therefore the calculated results from AFLOW are stored in large SQL
database (MySQL) for the convenience of further analysis. The AFLOW framework also provides
powerful post-processing tools to automatically generate plots of band structures and density of states,
as well as the plots of phase diagrams. Through the AFLOWLIB.org, users can extract compound



properties such as heat capacity, formation energy, and magnetic configuration without spending time
on the large scale DFT calculation, saving the efforts in reinventing wheels.

In its recent updates, AFLOWLIB.org adds a new feature, the REpresentational State Transfer (RESTful)
API [23] for exchanging materials data [24]. Taking advantage of RESTful API, user can save a lot of time
on the complex web Graphic User Interface (GUI) such as inputting query parameters and post-
processing query results, instead just focuses on the Uniform Resource Locator (URL) to communicate
with the database directly and have the searching results returned in several formats (HTML, JSON,
DUMP, PHP, TEXT and NONE). This feature enables remote materials data fetching in computer codes
that helps researchers in mining novel materials. Apart from the free materials data accessing, the high-
throughput framework AFLOW is free to download and its source codes will be released under the free
software GNU license soon [25].

2.2 AiiDA

The Automated Interactive Infrastructure and Database for Atomistic simulations, i.e. AiiDA, is a
sophisticated framework designed from scratch, proposed to be a flexible and scalable infrastructure for
atomistic simulations [26]. The project of AiiDA was developed by the Laboratory of Theory and
Simulation of Materials-Ecole Polytechnique Fédérale de Lausanne (THEOS-EPFL) and BOSCH Company
since 2012.

As a high-throughput First Principles calculation framework, AiiDA provides the full capabilities in data
input preparation, automatic ab initio calculations, data storage of the whole calculation history,
dynamic and arbitrary calculation workflows, complex data queries and parsing for data mining [27].The
primary First Principles calculation tool AiiDA utilizes is Quantum ESPRESSO, which is a software based
on Density Functional Theory, plane wave basis sets, and pseudopotentials, while being free to use
under the GNU General Public License.

Starting from September of 2012, the AiiDA project initiated its code lines. In two years, the total lines of
Python code and documentation have exceeded 45,000 [27]. As a state-of-the-art computational tool,
AiiDA brings some advanced features. For instance, AiiDA program can be built with a plugin framework,
which enables users to customize input files and supports more ab initio methods such as VASP,
Wannier90 and Wien2K, rather than Quantum ESPRESSO only [26]. The whole AiiDA project is written in
Python codes under the popular framework of Django, and will be released under an open-source
license [26]. This feature significantly improves the user flexibility in solving diverse requests in
computational physics, chemistry and material science. The powerful RESTful API [23] interface is
provided by AiiDA as well with full access to the data through the URLs, replying with materials data in
JSON serialization. Three optional databases, the SQLite, MySQL and PostgreSQL, can individually act as
the data container of AiiDA codes depending on the user preference and resource capability. However,
of the three choices, PostgreSQL is recommended as the most perfect data support in AiiDA not only
due to its best performance speed, but also for its high scalability particularly when the database
volume explosively increases.



2.3 Alloy Database

The Alloy Database presents alloy structure and cohesive energy data based on VASP calculations, which
were performed by Marek Mihalkovic, Michael Widom and coworkers [28]. In total it includes materials
data of 197 binaries, 112 ternaries and 20 quaternaries. From the online database query interface
hosted by Carnegie Mellon University [28], users can select any of the listed binaries, ternaries or
guaternaries to display the VASP results. Meanwhile it provides another option, the generalized
searches, to build up the searching compound by up to four individual elements. Combinations of filters
in Prototypes, Pearson symbols, Models and Tilings are available in the generalized searches as well. The
searching output includes: structure and coordinates files, the structural prototype and Pearson symbol,
energy data for stability and enthalpy of formation, chemical composition, and pseudopotential type.

The first launch of Alloy Database website can be traced back to 2006 [29]. So far the website of Alloy
Database is still under construction and the last update was on Oct 18, 2011 [28]. However, except for
the VASP calculation results this database system provides, the source codes behind the calculations are
not shared with the public. In this case there is no possibility for user to repeat or modify the codes in
high-throughput customized ab initio calculations.

2.4 CCCBDB

Hosted by the National Institute of Standards and Technology (NIST), the Computational Chemistry
Comparison and Benchmark Database (CCCBDB) collects both experimental and calculated ab initio
thermochemical properties for a selected set of 1,591 gas-phase atoms and molecules [30], which might
be a good compensation to the other databases that mainly focus on solid materials.

The CCCBDB shares its database content via a simple but straightforward web interface. Within that web
interface, both the experimental data and calculated data for a specific composition can be acquired and
the direct comparison between them highlights itself in providing confidential data to users. Instead of
using the compound formation as main query keywords, the CCCBDB asks for a property in geometry,
vibrations, entropies, energetics and electrostatics first, and the molecule formation afterwards. The
step by step query style, avoiding introducing complicated combination of filtering conditions, efficiently
leads users to the final data results. Up to date there are in total 452,827 of calculations completed in
CCCBDB [30] that constructs a wealthy repository. However, except the database content, the CCCBDB
keeps its infrastructure source codes from public accessing, which might reduce its impact to the
corresponding society.

2.5 Clean Energy Project Database (CEPDB)

The Clean Energy Project Database (CEPDB) was created as the data warehouse for the Harvard Clean
Energy Project (CEP). It's an automated, high-throughput, in silico framework to study potential
candidate structures for organic photovoltaics [31, 32]. In addition to the ab initio calculation results,
the CEPDB contains experimental data from the literature as well. The latter serves as a training and
calibration set in the CEPDB.

The CEPDB developers built this high-throughput in silico framework with Django, the most popular
Python web application framework, and the free database management system MySQL. In the CEPDB



system, the ab initio calculation primarily relies on the commercial code Q-Chem (Q-Chem, Inc.). The
massive computational capability of CEPDB is largely provided by the World Community Grid (WCG), a
distributed volunteer computing platform for philanthropic research organized by IBM. The Harvard FAS
Odyssey cluster, along with the computational resources in NERSC and TeraGrid, are the other optional
contributors to run the CEPDB jobs [32].

As reported [31], the CEPDB contains data on 2.3 million molecular graphs with 22 million geometries
generated in 150 million DFT calculations, which occupies 400 TB of data. All these calculation results
are free for public access. However, the CEPDB doesn’t share the high-throughput source codes with the
public. Instead, the CEPDB system welcomes research participants to make contributions in the
community by uploading their own experimental results, which might be a trade-off but still effective
way to get involved in the development of CEPDB system.

2.6 CMR & ASE

The Computational Materials Repository (CMR) provides different kinds of user interfaces (e.g.,
PHP/HTML and Python), which enable users with different expertise to easily store, retrieve and search
for electronic structure calculations [33]. It’s the result of collaboration under the Quantum Materials
Informatics Project (QMIP, www.gmip.org), which aims to establish the core technology for integrated
computational materials design [34]. Also initiated by the QMIP, the Atomistic Simulation Environment
(ASE) provides tools and Python modules for setting up, manipulating, running, visualizing and analyzing
atomistic simulations [35]. In this CMR & ASE framework, the execution of ab initio calculation primarily
counts on the ASE, while CMR focus more on the data flow. All the source codes of both CMR and ASE
are freely shared under the GNU LGPL license. The complete project codes, along with the detailed
documentations are hosted and updated continuously by the Technical University of Denmark.

One particular feature the CMR & ASE framework provides is the flexibility in dealing with diverse
project scales. The natural system flexibility comes from the software and hardware compatibility. On
the software side, the system mainly relies on Linux world, using Apache as web server, MySQL as
database support and PHP/HTML as client user interface, which is called LAMP (Linux, Apache, MySQL,
PHP) suite [36], a development set free to use without sacrificing any efficiency and scalability. The
source codes were developed in loosely coupled modules, which provide the most convenient way for
user to customize the developing environment for specialized project requirements. For instance, user
can select CMR for the data processing only, or choose ASE for atomistic simulation individually. On the
hardware side, the system can suit for small single user project running on a laptop, medium project
running on team desktops, or even large collaboration project running on numerous distributed clients
and servers [36]. For the small project, the database server and web server might not be necessary,
therefore the CMR can use simple SQLite database file rather than the MySQL server to store and
retrieve materials data. When necessary, individual data processing module in the CMR codes provides
functionalities to upload the SQLite database file into MySQL server, or export the data into XML, JSON
files for exchanging.

Being a wide range adaptor of various ab initio calculators distinguishes the CMR & ASE framework from
other similar products. Primarily the ASE uses GPAW as its default First Principles calculator. However



ASE supports different calculators in three styles: 1) support Asap, GPAW and Hotbit calculations by
using their own native ASE interfaces; 2) include EMT, EAM, Lennard-Jones and Morse calculation codes
in the ASE package with pure Python implementations; and 3) have Python wrappers in the ASE package
for ABINIT, CASTEP, DFTB+, ELK, EXCITING, FHI-aims, FLEUR, GAUSSIAN, Gromacs, Jacapo, LAMMPS,
MOPAC, NWChem, SIESTA, TURBOMOLE and VASP, but the actual FORTRAN/C/C++ codes of these
calculators are not part of ASE. These various calculators included in the ASE package significantly
promote its capability and flexibility in different areas of expertise.

Up to date there are 29,136 data records in the free access CMR database. The source codes of CMR and
ASE have stable released versions but still in developing. Both of them are well documented with
installation guides, operation manuals and so forth. Also, their installation packages running in Windows
system are available if users have no Unix-like systems. However the Windows version of ASE might not
run with full functionality.

2.7 Electronic Structure Project (ESP)

Similar to the other DFT calculations, the Electronic Structure Project (ESP) [37] utilized the structural
data from the ICSD to generate results for highly accelerated electronic structure calculations of
inorganic compounds [38]. A full-potential linear muffin-tin orbital (FP-LMTO) implementation of density
functional theory (DFT) within the local density approximation (LDA) was used to solve the electronic
structures [39]. From its first online release in 2002, the ESP has collected electronic structures of 60,000
compounds and shared them online with free access.

The goal of this project is to accelerate the process in identifying new functional materials. On the ESP
website they demonstrate this with an excellent example: the first prediction of Bi2SeTe2, a topological
insulator material by using the massive computing method in combination with data-mining technology
[37, 40, 41]. Among the calculated electronic structures for about 60,000 entries, the data-mining
identified 17 compounds as potential strong topological insulators. Bi2SeTe2 was one of the 17 distilled
out new compounds. After this discovery was submitted to arXiv.org, the Be2SeTe2 insulator material
was experimentally confirmed within months.

All the about 60,000 entries of electronic structures are stored in the database and freely shared with
the public through its website [37], which is hosted and maintained by Uppsala University. The user can
select a combination of up to five elements for the compound query. With such a plain user interface,
no further operation manual or documentation is needed for ESP users. Except the calculated electronic
structures data, no codes are shared with users to understand more details in executing the DFT
calculations and analyzing the results. In this case the project develops slowly since the participation of
professional users is excluded.

2.8 ESTEST

Another important free framework under the GNU General Public License, the ESTEST [42, 43, 44], is
developed and hosted by the University of California at Davis. The ESTEST framework facilitates the
verification and comparison of Electronic Structure codes like Qbox, VASP, Quantum Espresso, Siesta,
ABINIT and The Exciting Code. It primarily provides the functionalities of automated input/output



handing for different electronic structure codes, translating input/output files to unified-representation
XML format and a web interface. The data content of each numerical simulation is stored and shared
actually in an individual XML files, distinguished by different file names and file paths on the server’s file
system. Taking the advantage of unified XML format, transferring and interpreting the simulation results
would cost less effort. The design and deployment of the database web interface would benefit from
this XML feature as well. Through its web interface, the ESTEST database presents the simulation of
electronic structure including parameters, atom information, energy results, structural stress results and
spectrum clearly in text, table or figures, which are all free to access. However, only registered users
have permission to download the full source code of this framework.

In total the ESTEST database contains 408 records from Qbox calculation, 5 records from VASP, 66
records from Quantum Espresso, 67 records from Siesta, 141 records from ABINIT and 26 records from
Exciting. Its web interface provides a succinct Google like input box for searching. Besides there are
several keywords listed on the main web interface as a shortcut which lead to specific results such as
calculations from Qbox, or simulations of titanium. Though the web interface is simple, for the limited
data entries it currently contains, no other designs can be more qualified.

The ESTEST framework has another special feature called plugins. These plugins are available on the
ESTEST web interface offering professional data transforming such as atom distance, lattice, band
structure, density of states, energies and stress on one record or several records. For instance the
“band_structure_plot” plugin help to plot eigenvalues in XML record(s) into band structure figures,
while the “pymatgen_band_structure_plot” plugin performs the similar functionality except using
Pymatgen module and Highcharts for figure displaying. These transform plugins enrich the ESTEST
framework in manipulating simulation results. However if the significant feature, the automated
workflow management was integrated into this system instead of the basic input/output handing, it
would be more powerful as a completed high-throughput framework in First Principles calculation.

2.9 MAterials Simulation Toolkit (MAST)

From a complete high-throughput framework point of view, the MAterials Simulation Toolkit (MAST)
might be a good complement to the ESTEST introduced in previous section because it focuses more on
the automated workflow management and post-processing [45]. The open source MAST framework is
developed on the basis of Pymatgen and Custodian, the two primary components of the Materials
Project, and the ASE framework introduced in this article as well. A full documentation of MAST, along
with the link to download its source code package, is free to access online [45]. Instead of employing
Fireworks and MongoDB to manage the workflows, the MAST develops its own workflow automatic
management component by the kitchen terminology such as ingredient for single calculation, recipe for
collection of several calculations and so forth. Meanwhile in MAST framework, the data manipulation
and management rely mainly on the file system and its file I/O algorithms rather than any specific
database software. In this case the installation of database software is never required in order to run the
MAST framework.

The materials so far collected by the MAST database are mainly on the stable pure elements with
vacancies [46], which have 49 elements in the face-centered cubic structure and 44 elements in the



hexagonal close packed structure. For its research on elemental vacancy diffusion, the database focuses
on but not limited to the simulation results of vacancy formation enthalpy, vacancy migration enthalpy,
cohesive energy and bulk modulus. Primarily the MAST framework fits with VASP calculation, however
since it adapts the ASE interface it can collaborate with other First Principles calculation codes without
any problem. Other than the published data [46], the MAST doesn’t utilize a web interface to share its
database to public, which needs further development. In the MAST source code package, a MastGui
component is already listed in the “under_development” folder, which might make up for the GUI
interface in its later version.

2.10 Materials Project

The Materials Project [47] is a core program of the Materials Genome Initiative [15] that uses high-
throughput First Principles computing to uncover the properties of all known inorganic materials [7, 12].
It seeks to create an open-source platform that enables users to perform rapid-prototyping of new
materials in silico, therefore shortens the traditional materials development time frame from 10-20
years to a possible 2-3 years.

The Materials Genome Project at MIT requires four major components [14]: a chemical space based on
experimental data and extended by the ab initio calculations, the computing environment to run the
batch calculations automatically, a sophisticated database stores all the data, and analysis tools allow
users to search through it. Upon these requirements, part of the Materials Project work was initiated
before 2010 [14] . The official launch of Materials Project started in October of 2011 [12], as a joint
collaboration between the Massachusetts Institute of Technology (MIT) and Lawrence Berkeley National
Laboratory (LBNL). As this project grows, its development is currently supported by the U.S. Department
of Energy, Batteries for Advanced Transportation Technologies (BATT) and a Laboratory Directed
Research and Development grant from LBNL. Today it has partners in more than ten institutions
worldwide [47] and is getting more and more developers involved through the online open-source
platform GitHub [48].

The infrastructure of the Materials Project includes three major modules: Pymatgen, Fireworks and
Custodian. Surrounded by this software framework, most of the time-consuming ab initio computations
are submitted to the supercomputing clusters at the Lawrence Berkeley National Laboratory's NERSC
Scientific Computing Center and Computational Research Division. Up to date it has computed 58,122
compounds, 40,809 band structures, 1,244 elastic tensors, 2,185 Li intercalation electrodes and 18,226
Li conversion electrodes. All these calculated data can be freely accessed through its website which is
powered by Apache, Python and Django framework [47]. In addition, the whole software framework,
including Pymatgen, Fireworks, Custodian and other plugins, is open-sourced on GitHub with
comprehensive documentations supported. Users can freely download, modify and re-compile the
Materials Project source codes on their own working environment to utilize any available computing
resources in solving specific research problems. If any bugs are identified in the source codes, or any
new functionality has been developed, users can even upload the revised codes into the Materials
Project to benefit the user community. This open-source mechanism significantly promotes the speed of
version evolution, while having more professional users involved.



In Materials Project, the module Python Materials Genomics (Pymatgen) is mainly responsible for
building python objects including Crystal Structure, Molecule, Computed Entry, Density of States, Band
Structure and etc. Serving this role, Pymatgen provides abundant 10 interfaces for several types of
input/output files. Besides the standard Crystallographic Information File (CIF) format, it accepts the
VASP, ABINIT, NWCHEM, Gaussian and ASE input/output files as well [49, 50]. In the meantime, the
Pymatgen also provides powerful structure manipulations on the encapsulated python objects, and
post-process analyses on calculated results. The other module Fireworks helps to run the calculation
workflows that enables the feature of automatic High-throughput DFT calculation. In order to prevent
unnecessary interruptions during the time-consuming DFT calculation, the Custodian is designed to
perform error checking, job management and error recovery. It has a simple plugin framework that
allows user to develop specific job management workflows for different applications. All these codes are
written with Python language, therefore leverage the large number of available standard and scientific
programming libraries [47].

The scalability feature of the Materials Project partially depends on the software framework constructed
by Pymatgen, Fireworks and Custodian. The other contribution to the system scalability, however,
comes from the horizontally and vertically scalable NoSQL database it utilizes — the MongoDB. In
contrast to the leading NoSQL database, where “horizontally scalable” means upgrade the database
system by adding more machines, “vertically scalable” means upgrade the database by adding disk,
memory and CPUs, the traditional relational databases are only vertically scalable. The NoSQL databases
attract increasing interest because they are able to compensate some inborn shortcomings of the
relational databases such as the scalability problem and the schema flexibility. The data generated from
the Materials Project is mostly document-oriented and plainly formatted as key-value text, which fits
well with the requirements of MongoDB and leverages the excellent scalability of MongoDB particularly
when the number of calculated compounds keeps growing. In addition, the MongoDB supports full
index on any attribute, rich document-based queries and fast storage/query speed, which significantly
enhance the performance of the Materials Project.

The Materials Project also supports REpresentational State Transfer (RESTful) service by providing a set
of application programming interface (API) [50]. Under the RESTful design, each request or action on the
data can be achieved through an URL rather than a complicated user interface. After receiving the URL,
data server of Materials Project will returns structured data, normally in JavaScript Object Notation
(JSON) file, to the client as the answer of the request or action. This RESTful service significantly
promotes the efficiency in obtaining information such as Pymatgen structure objects, formation
energies, calculated VASP energies and etc., from data server. It is a powerful service for scientists who
have demands on integrating the existing materials data from Materials Project server into customized
materials research codes.

2.11 Novel Materials Discovery (NoMaD)

The Novel Materials Discovery (NoMaD) is another important repository that contributes to host,
organize, share and exchange ab initio electronic-structure data calculated by density-functional theory
[51]. Up to date the NoMaD repository contains 631,433 entries which are free to review and download.
Among them, 246,058 records are provided by the aflowlib.org and the other 282,694 entries are from



cccbdb.nist.gov. Basically the NoMaD system shares its database content through a web interface at
http://nomad-repository.eu/gui/#nomad. Users can find the target records via its repository search
page by selecting element(s), structure, methodology, authorship, identifier or biophysics conditions.
The main component of the downloadable data, except the tiny amount of information related to the
calculation such as chemical formula of the material, the space group, the calculation code and code
version, the authors, the references and etc., is the calculation input and output files compressed in a
zipped package. According to its webpage, the NoMaD collects computation results from these codes:
Octopus, ABINIT, CASTEP, CRYSTAL, Exciting, FHI-aims, Gaussian, Quantum Espresso, VASP and WIEN2K.

Through the NoMaD web interface, registered users can not only browse and download the materials
data, but also be able to upload qualified materials data into NoMaD. The uploaded records, upon to
uploader’s requirement, can be set as “open access” to public or “restricted” to a small group of users.
Public users can download any “open access” data but not the “restricted” ones. In fact that most of the
records in NoMaD, i.e. 534,477 in the total of 631,433, are labeled as “open access”. Furthermore, any
“restricted” data would become “open access” in a maximum time span of three years. This feature
would significantly increase its functionality in sharing and exchanging useful scientific materials data as
the CEPDB does. However the NoMaD shares no high-throughput computational framework or
components except calculation input and output files to users, which might have less contribution to the
development of the high-throughput framework. Some important and valuable information, such as the
calculation parameters, the calculated energies included in either the input or the output files, hide
behind the web interface before downloading the data files. In this point of view, further data
processing would be suggested after downloading the raw files from NoMaD repository.

2.12 OQMD & qmpy

The Open Quantum Materials Database (OQMD) collects materials thermodynamic and structural
properties from DFT calculation and shares them freely online through a web interface for convenient,
small-scale access [52]. Up to date the OQMD has accumulated DFT calculations of 285,780 compounds
in its database, which contains ~10% of compounds from the ICSD and ~90% from iterating over many
chemistries for several simple prototypes [52]. The number of calculated compounds is increasing daily.

Despite the huge number of data on compounds that the OQMD contains, it has a short development
history in roughly two years. In 2013 the OQMD was developed by a research team at Northwestern
University [4] with over 200,000 DFT calculated crystal structures stored. All the DFT calculations were
performed on Northwestern University’s high-performance computing system Quest and the resources
of the National Energy Research Scientific Computing Center (NERSC). Soon after it was published online
through the website http://ogmd.org.

On its website, user can not only access the calculated crystal structures freely, but also download the
high-throughput DFT framework source codes — the Python APl gmpy [53], and the complete database
with all the approximately 300,000 calculated structures into local computer system. Python codes in
Django framework, i.e., the gmpy, and the MySQL database system construct the 0QMD framework.
Full documentation is provided to assist the installation of the gmpy source codes, along with the whole



database into local computer system. The DFT calculations that OQMD can support, however, has no
other options but the most popular Vienna Ab Initio Simulation Package (VASP).

Instead of providing RESTful service, the OQMD supports a simple query in web interface with a
composition string submitted. Similarly user can apply the search in URL with the composition string to
obtain structural information, e.g., use http://oagmd.org/materials/composition/Al203 in browser URL

to search for the composition Al203. In this way the returned data package shows only in HTML format,
rather than the JSON or XML package that can be easily parsed. Another tradeoff solution is to
download the complete database into local system and execute the search locally, since all the around 4
GB materials data is free to download and stored only in one file. For small application users this
solution might promote the speed in analyzing the calculated structural data.

2.13 Python Materials Discovery Framework (PyChemia)

The Python Materials Discovery Framework (PyChemia) is another high-throughput DFT calculations
framework that emerges in recent years. The purpose of the PyChemia is to create a method agnostic
framework for materials discovery and design using a variety of methods from Minima Hoping to Soft-
computing based methods [54]. The materials data PyChemia has calculated constitutes a library for
data-mining in order to discover interesting candidates among the already processed materials.

The PyChemia is an open-source Python Library, all of its Python source codes can be cloned from Git
Hub [54]. The chief contributor of PyChemia source comes from a research group in West Virginia
University, which submitted the first line of codes in May of 2014 according to the GitHub record. In one
year time, the PyChemia has been developed to support different types of DFT calculations including
VASP, ABINIT, Octopus, DFTB+ and Fireball. Being a recently developed project, the PyChemia
framework provides a significant feature which can integrate the other HT-DFT systems like Pymatgen,
ASE and gmpy as its components. By this means the PyChemia focuses its functionalities more on the
structural search rather than on the materials data computing and collecting jobs.

PyChemia is designed to create new databases for each structural search in addition to one large
database that keeps a curated selection of materials structures. In order to fit the versatile requirements
of flexible materials structures in different ab initio packages and diverse physical properties
investigated in different applications, PyChemia relies on the leading NoSQL database MongoDB instead
of the traditional relational databases to take the advantage of dynamic schemas in creating small
databases for structural search. The Django framework is used in PyChemia as a web-frontend to display
and explore the computations. The combination of Python, Django and MongoDB altogether sets up the
framework of PyChemia. However, its first stable version has not been released yet, which has limited
contribution in searching for new materials.

3. Applications in Fuel Cell

One great appeal of fuel cells is that they generate electricity with very little pollution—-much of the
hydrogen and oxygen are “burned” in generating electricity, heat and the ultimate harmless byproduct,
i.e., water. As a clean energy technology, different types of fuel cells have been designed and
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investigated for decades. On the long way to commercialize fuel cells, however, there are several
unresolved challenges, including but not limited to the cost, durability and reliability, and varied
technical barriers to pass for different types of fuel cells. Further investigation reveals that most of the
technical obstacles stem from the major components of fuel cell, the anode, cathode, electrolyte and
catalyst. Taking advantage of their potential to screen novel functional materials, high-throughput DFT
calculations might accelerate the discovery of new materials to resolve the challenges and barriers for
fuel cells commercialization.

Among the DFT applications for fuel cell R&D, the investigations on the catalyst play an important role.
As Sergey Stolbov et al. [55] have summarized, the large-scale practical application of fuel cells in
hydrogen economy is impossible without a dramatic reduction of the cost, along with a significant
improvement of the electrocatalytic properties of the electrodes. By giving an application example [55]
to understand the microscopic processes that control the characteristics of fuel cells catalysts, it utilized
the DFT code VASP to provide some details for Pt islets on Ru nanoparticles, which rationally explained
the high CO tolerance observed on such fuel cell anodes. On alkaline fuel cell catalyst, E. A. Ahmad et al.
[56] implemented the hybrid-exchange DFT code to study the oxygen reduction reaction of the
inexpensive perovskite crystal LaMnOs;, which predicted the likely adsorption sites and therefore
provided the groundwork for analyzing its catalytic activity. More generally, Y. Sha et al. [57] developed
a systematic DFT framework to determine the dependence of oxygen reduction reactions on operating
voltage for the Pt-catalyzed fuel cell. Based on their DFT calculated results, this DFT framework was
validated by finding the optimum operating voltage for the oxygen reduction reaction on Pt, which was
close to the standard operating voltage.

The time and cost saving advantages of the computational DFT method have motivated more and more
ab initio based investigations on fuel cell applications. When the number of screening compounds
increases along with multiple filtering descriptors involved, the high-throughput first principles
framework would be more efficient and effective in large scale computation. M. Jahnatek et al. [58]
performed such a comprehensive investigation of ruthenium binary systems with the 28 transition
metals by using the AFLOWLIB high-throughput framework introduced in previous section. From the
computational results they predicted novel compounds that might be useful in the rational design of
new Ru-based catalysts. The AFLOWLIB high-throughput framework was also utilized in constructing a
database of computed compound thermal conductivities and Debye temperatures [59], which reliably
predicted the ordinal ranking of the thermal conductivity for several different classes of semiconductor
materials. This investigation might improve the performance of temperature management in fuel cell.
For those fuel cells with a lot of heat generated in working condition, part of the heat recycled by
thermoelectric materials or other types of cogenerations would greatly increase the system efficiency.
The AFLOWLIB high-throughput database also illustrated the accurate filtering technique in selecting 75
good thermoelectric compounds from 79,057 half-Heusler entries [60]. While G. Tan et al. studied the
Hg alloying of SnTe [61], one type of thermoelectric materials, by using the OQMD scheme to optimize
the thermoelectric performance SnTe-based and related materials. These approaches successfully
demonstrated the high-throughput DFT databases as powerful tools in designing fuel cell systems with
thermoelectric cogeneration involved.



As a comprehensive open-source high-throughput DFT framework, the Pymatgen package from the
Materials Project also has a few applications in screening electrolyte materials [62, 63, 64]. In addition,
the Pymatgen materials analysis library has been implemented to evaluate the link between voltage and
safety for over 1400 cathode materials [65]. Serving as hydrogen storage the hydride metals provide the
mobility for fuel cells, which is also a key problem in the future hydrogen economy. Leveraging the
Pymatgen high-throughput DFT framework, K.M. Nicholson and D.S. Sholl [16, 17] use first principles
calculation to predict the stability of some metal hydrides. In order to re-design the high capacity
electrodes for hybrid Li-ion/Li-O, cells, a kind of battery that has an energy density comparable to
gasoline, S. Kirklin, M. Thackeray et al. [62, 63] applied DFT within the OQMD framework to screen for
promising Li,nA«O,.n compounds. Other practical implements, such as Computational Materials
Repository in screening of perovskites for solar cell and photoelectrochemical cell [66, 67], the Harvard
Clean Energy Project Database (CEPDB) in searching for the next generation of organic solar cell
materials [68], also demonstrated the application of this kind of high-throughput in silico framework in a
wide variety. In the applications, practical optimization methods like the descriptor-based screening
technique utilized in the Pymatgen framework [64], or several steps of screen procedure in OQMD
framework [63], have been developed to significantly speed up the DFT calculation in screening target
materials.

4. Summary

In dealing with different simulation applications, these is no perfect solution by picking up one of the
high-throughput DFT frameworks, but only a suitable solution depending on the project targets,
available DFT calculators, available computer software and hardware and so forth. For this reason, this
article tries to introduce most of the high-throughput DFT frameworks, along with the materials
databases they have constructed, in technical details rather than to find out a best DFT database in fuel
cell applications, which might reveal more powerful computational tools in exploring new materials.

Table 1 Features of High-throughput DFT databases

HT-DFT Entry Web Open- RES  Program Database = Supported DFT Workflow
Database Number Interf source Tful Framework Support calculators Management
ace
AFLOWLIB 629,908 Yes Yes* Yes C++, MySQL Quantum Espresso, N/A
Python VASP
AiiDA N/A No Yes Yes Django + SQLite/P  Quantum Eepresso; Yes
Python ostgreSQ  GPAW, VASP,
L/MySQL  Wannier90, Wien2K
ALLOY N/A Yes No No CGl + Shell No VASP No
DATABASE Script
CCCBDB 452,827 Yes No No ASP N/A N/A No
CEPDB 150,000, Yes No No Django + MySQL Q-Chem No
000 Python
CMR & 29,136 Yes Yes No Flask + MySQL/S  GPAW, ABINIT, No
ASE Python, Qlite VASP, NWChem,
PHP GAUSSIAN, CASTEP,
DFTB+, ELK,

EXCITING, FHI-aims,
FLEUR, Gromacs,




Jacapo, LAMMPS,
MOPAC, SIESTA and

TURBOMOLE
ESP 60,000 Yes No No PHP N/A VASP N/A
ESTEST 713 Yes Yes No XML, XQL XML files  Qbox, VASP, N/A

Quantum Espresso,
Siesta, ABINIT and

Exciting
MAST N/A No Yes No Python N/A VASP Yes
Materials 58,122**  Yes Yes Yes  Django + MongoD  VASP, ABINIT, Yes
Project Python B NwCHEM, Gaussian

and ASE
NoMaD 631,433 Yes No No N/A N/A Octopus, ABINIT, No

CASTEP, CRYSTAL,
Exciting, FHI-aims,
Gaussian, Quantum
Espresso, VASP and

WIEN2K
oQMD & 285,780 Yes Yes No Django + MySQL VASP Yes
gqmpy Python
PyChemia N/A No Yes No Django + MongoD  VASP, ABINIT, No
Python B Octopus, DFTB+ and
Fireball

*Note: open source, but codes are currently in fixing and cleaning up state [25].
**number of compounds.

Table 1 summarizes part of the features of the high-throughput DFT databases introduced in this article.
Among them VASP is the most popular calculator which provides the critical DFT calculation for the
framework. The workflow management feature significantly improves the computational efficiency
particularly in processing the large scale iterating computational jobs. Apart from the efficiency, the
robust computation is another important feature in running the large scale DFT calculations. When DFT
calculations are running in days and nights, any small random error might lead to the failure of the
complete task. The Custodian module in Materials Project provides such a feature, which is a simple,
robust and flexible job wrapper that can recover the calculation from errors automatically. Facing the
requirement of using different DFT calculators, the CMR & ASE framework might be more competent in
considering the maximum number of DFT adaptors it has. However, for those frameworks with source
codes shared, customized adaptor for a specific DFT calculator would introduce more flexibility.

The First Principles calculators, such as VASP, generate data files before and after the calculation.
Manipulating useful data within these files has no difficulty only if a few compounds are investigated. In
screening of hundreds of thousands of compounds, database technique performs higher efficiency in
long time repository and promptly querying response for managing the DFT data. Most of the DFT
frameworks listed in Table 1 support either local small scale SQLite database, or large scale databases on
server. The database MySQL, being the most popular free database in the LAMP software bundle, i.e.
Linux, Apache Web Server, MySQL relational database, and the PHP programming language, acts as the
primary database management support in Table 1 as well. The novel unstructured databases, so called
NoSQL databases such as PostgreSQL and MongoDB, prevail the traditional relational databases in
storing the key-value type of data in DFT calculations, meanwhile increase the framework’s scalability
for the explosive materials exploration in the future. In case that only a limited number of compounds



are investigated, the frameworks such as AiiDA and CMR & ASE also provide compatible SQLite database
support for small scale applications in local computational unit.

There is no surprise to see that the combination of Django framework and Python programming
language occupies the top position in developing the high-throughput DFT framework. Actually this
powerful bundle has a wide application not only in the specific high-throughput First Principles
calculations, but more generally in all of the web applications due to its clean, pragmatic design and
convenient tools for rapid development. The open source spirit inherited in some of the DFT
frameworks encourage more professional developers involved in their development, which in return
advances the framework in performance, robustness and diversity. The open source of Materials Project
on Github [48] sets up a good demonstration on this feature. A user friendly web interface not only
interprets the calculated materials data to users but more importantly shares the calculated materials
properties with users, significantly saving time and cost in massive repeated computations. Based on the
calculated materials properties, researchers in different expertise may expand further investigations in
novel materials by using customized filtering criteria. Instead of the web interface, a RESTful service
provided by the DFT framework performs more straightforward in fetching materials data particularly in
programming environment. By submitting a query, e.g. a compound formula, in URL to the remote
server, the code developer obtains the calculated materials properties as feedback in the required
format, which seamlessly integrates with the local codes for data mining. The frameworks of AFLOWLIB,
AiiDA and Materials Project have this RESTful service equipped while the OQMD shares all its data in
another way — a complete downloadable database file on web for free.

As a matured branch of Frist Principles calculations, the DFT method has been developed over decades.
The high-throughput framework integrating DFT and database, however, emerges only in recent years
by taking the advantage of fast and affordable computational resources. In response to the Materials
Genome Initiative (MGI) [15], which aims to shorten the development period of novel materials at least
in half and cut off the cost as well, the speedy development of high-throughput DFT materials databases
contributes significantly in pursuing these goals particularly for functional materials. The practical
applications of high-throughput DFT frameworks in fuel cells have initially confirmed them as powerful
computational tools in discovering and designing new catalysts, electrolytes, anodes and cathodes.
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