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We present work on the creation of a ceramic materials database which contains data gleaned from literature
data sets as well as new data obtained from combinatorial experiments on the London University Search
Instrument. At the time of this writing, the database contains data related to two main groups of materials,
mainly in the perovskite family. Permittivity measurements of electroceramic materials are the first area of
interest, while ion diffusion measurements of oxygen ion conductors are the second. The nature of the
database design does not restrict the type of measurements which can be stored; as the available data increase,
the database may become a generic, publicly available ceramic materials resource.

1. INTRODUCTION database. The database system forms the foundation for data-
mining tools which extract patterns and knowledge from the
database, resulting in composition-structure-property rela-
tionships which are used to design new compounds. The data
obtained from these new compounds can be used to improve
predictive modeld? and, through the execution of such
materials disceery cycles® we can iteratively improve
materials designs.

We are currently involved in the Functional OXide
Discovery (FOXD}* project, a pioneering combinatorial
approach to materials discovery and materials research. The
project is focused on two main classes of ceramic materi-
als: dielectric materials for use in telecommunications and
other electroceramics applications and oxygen diffusion
materials which form components of solid oxide fuel cells
(SOFC). Development of optimal materials for these ap-
plications is accomplished through the use of high-throughput
combinatorial searché&!®>Combinatorial methods have the

There has been extensive work on the development of
databases in combinatorial chemistry, and vast literature is
available, particularly pertaining to the pharmaceutical
industry®? In addition, previous work has investigated the
combinatorial materiatsand catalyst® optimization fields.
Several materials databases are available, including the
WebSCD (Structural Ceramics Databdsaf the National
Institute of Science and Technology (NISTthe Dielectric
Database Onlirfebased at the University of Utah, and
MatWeb® a commercial materials database. WebSCD is
heavily based in structural data and physical properties and
there are very little data pertaining to functional properties
such as dielectric and/or diffusion measurements. The
Dielectric Database Online permits free text searches of a
collection of literature pertaining to dielectric measurements
and is heavily focused toward agriculture. MatWeb permits
Howsver, the materials are mited 1o those manufactired POSNal 10 generate vast quanities of data, and the discovery
by industry, and the database contains the data found in.Of mate'rlals design ideas requires the development of
manufacturers’ data sheets. mformgtlcs and database systéfnfor management and

Consequently, a database providing a repository for analysis of these qlata. . .
materials which are currently investigated and reported only usisr%n:rﬁ)leeL%fgg:tgr:}v?rrsitgeszgrér? Irﬁ);)rjl?r%telr?t [(JLelzfg:;n ed
within the original literature would be an extremely valuable

resource for the academic community. Extraction of com- combinatorial robot which combines an ink-jet printer and
" . y. - . furnace for automated sample synthesis. The samples are
positional, synthesis, and property data permitting fine

rained searches will provide substantial benefit to materials created from mixtures of ceramic inks developed from milled
9 it p : .~ powders'’ The crystal structure of samples is verified using
researchers. Previously, a materials database for fu5|onx . . . . :
; -ray diffraction (XRD), and the dielectric properties of the
research has been develogédjur work builds on these | ivzed usi . d
efforts through the development of a ceramic materials samples are analyzed using scanning and contact measure-
ments at kHz-GHz frequencié%!® while ion diffusion

* Corresponding author phone44 20 7679 4560; fax:+44 20 7679 properties of the samples are measured using Secondary lon

7463; e-mail: p.v.coveney@ucl.ac.uk. Mass Spectrometry (SIMSY. The microstructure of the
IIL#“VEFFSI'%C”O”EQ‘E '-nod”dnon- samples is examined using scanning electron microscopy
§Unﬁ’fe'§ity%fe§oend§n,°' (SEM), and the composition is verified using energy
' Regional Research Laboratory. dispersive X-ray spectroscopy (EDS).
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Figure 1. The structure of the database. The data are stored within the tables displayed. The table relationships are indicated by arrows.

2. DATABASE DESIGN ments demand, the entire database can be transferred onto a

, , , more powerful system which occurs transparently to the end
We have designed our ceramic materials database to|ger.

handle a wide variety of experimental data. Currently, the

The PostgreSQL DBMS is a powerful, open source,
database contains data produced by LUSI along with gresQ b D

) . . relational database system capable of handling the large
published da'_ca extrac_ted from the literaiure. The YENeriC 4 antities of data which are beginning to be generated by
database design permits data from other sources to be readil he FOXD project. A relational database is a collection of
incorporated. The database stores sample production datayp|es interconnected via relations. Data are created, retrieved,
such as materials compositions and sintering temperaturesupdated and deleted using Structured Query Language
which are complemented by sample metadata including 5| ) the standard language for database management. SQL
measurement method and measurement parameter data. Iy« designed specifically to query data contained in a

qddltlon, the database can store images of samples, d.atz?elational database and permits the building of complex
files, and documents relating to experimental results. This queries

central repository, accessible via a Web interface, enables The database schema is shown in Figure 1. Several tables

gepgrapmcally sepa}rate S't.es to have access to 'accuratecontam data which are relevant to both sections (LUSI data
reliable, up-to-date information on Sf"‘mple production and and literature data) of the database, for example, element
measurement status and helps to eliminate the redundanCYnformation such as atomic numbér and vaIen'cy The
which \f[ml;idl bng.l:.nd were elach site Itotre(;:otrdblts own dg:a essential contents of the database are the tables containing
separate’y. in adaltion, a singié, complete database permits compositional and property data for each particular material.
data-mining algorithms to operate on the complete data Set'The differences between the two data sets are found in the

rather than on separate sections. metadata. The literature data set contains metadata pertaining
The OGSA-DAI project aims to develop middleware to  to the references from which the data are obtained, while
assist access and integration of distributed data sources. Théne LUSI data set contains all of the sample production
use of OGSA-DAI might have been beneficial, had the records, including a more detailed description of sample
project required the integration of initially distributed manufacture and sample measurement.
databases. However, since the project involved creating the v/arious tables are used to store data such as sample
database from scrgtch, the current centralized system prOVide%ompositions, library synthesis parameters, ink manufacturing
the simplest solution. details, ceramic powder information, sample location data,
2.1. Database Structure.The FOXD project uses the and even images associated with various stages of the
PostgreSQE (http://www.postgresql.org/) database manage- manufacturing process. This database layout is available in
ment system (DBMS) running on the Linux operating system. more detail on the database Web site (section 4). Further-
The database server is a virtualized system running on amore, by using tables to store details of, for example,
4-core AMD Opteron host. Virtualization permits transparent measurement techniques and types of analysis data, extra
migration between physical systems. If performance require- measurements and parameters can be added without altering
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the underlying design. This static design approach is SQL. A Web-based front end is also available. The system
important in database systems since it allows the databaseuns the Apach@& Webserver software and employs the
engine to store the data in the optimal fashion. PHP® scripting language to connect to the database and
2.1.1. Literature and LUSI Data SefEhe literature data  execute SQL queries. The front end system allows users to
set contains composition and performance properties ex-obtain statistical information and permits data browsing,
tracted from peer-reviewed journals and can be fitted into searching, and filtering using a variety of search methods
two broad categories: dielectric ceramic materials, with (for example, according to composition, measurement values,
compositional information and permittivity measurements, and production date). This search functionality will become
and a data set of ion-diffusion materials and measure-richer as the user-base requests more fine grained search and
ments. The database includes an index which relates eactanalysis capabilities. A screenshot of a Web page allowing
record back to its original article allowing users to deter- users to browse through the dielectric data is shown in Figure
mine the provenance of each record. The inclusion of this 2.
metadata is particularly important since different references  Other access methods include the ability to directly connect
often publish results on the same, or very similar, composi- to the database from within custom written G/& applica-
tions. tions. This allows almost limitless application of a wide range
In the case of the dielectric materials data set, the dataof data-mining tools. An informatics system has been
was extracted manually, resulting in a spreadsheet containingdeveloped which allows users to enter production and
columns for the chemical formula and property measure- experimental data quickly and efficientt§y;this is im-
ments. The diffusion data set was extracted partially by mediately available for other users to accéss.
automatic methods. The “Digitize” V0.99 software packdge  Currently, we require that external data submitted for
authored by Dr. Danon was used to extract numerical Va'UeSinc|usion in the database must be pub||shed in a peer-
from graphical figures. For tabular data, manual methods reviewed journal. This is used as a basic safety net to ensure
were used, and the resulting data entered into a spreadsheefjata quality. Additionally, we are considering appointing
Both the dielectric and diffusion spreadsheets were parsed-data managers” who will be responsible for particular data.
using Pef® and inserted into the database. The Perl module For example, the data relating to dielectric properties will
“PerlMol”?® was used to parse the string containing the pe assigned to a person who has the authority to approve or
chemical formula to extract the individual elements and deny requests to add data when these are made. In this way,
quantities, permitting detailed compositional information to we can potentially accept data from unpublished sources,
be recorded. provided that the data manager is satisfied that the submitted
The LUSI data set contains production and analysis datadata has been obtained using appropriate experimental
for all of the samples synthesized by LUSI. It comprises methods and that the data is reliable.
details of the powders used to manufacture the inks as well - pata modification is more problematic. Ideally, the reason
as records of the ink production parameters. Automated inkfor g discrepancy between two results will be contained
mixing permits the generation of compositional ranges of yithin the experimental or measurement metadata, and so
samples which are printed onto the slides. The sintering andne results constitute two separate data points. In practice,
other manufacturing conditions of these slides are also there may be insufficient metadata available to determine
recorded. At the time of writing, the materials under the reason for the discrepancy, and so a decision must be
investigation are similar to those found in the literature data made. In such situations, either we determine that one result
sets. As work progresses, however, the range of compositionss invalid or that both are valid and the difference can be
in the database will broaden, increasing the generality.  explained by the experimental or measurement error. In the
2.1.2. Database Schema Design.general, changes 10 first case, we simply retain the correct data; in the second,
the structure of the database should be avoided, once theye supstitute the mean results. In both cases, the original
system “goes live™. Itis therefore important that the database gata are retained for archival purposes.

is designed such that new anglyses, measgfﬁme”tsv _[?_ara— Within the Web front end system, three categories of users
meters, etc. can be added into the database without modificay e gefined. The administrator has access to the complete

tion to the structure of the database. Analysis types, measurey,iabase and can make system wide changes to the table

ment types, and parameter names are recorded in individuak,otyre and data. Other users have write access to the data
tables, allowing addition of measurements simply through 5,4 can make alterations to the data, but they cannot alter
the addition of a record to the relevant table. “Pivot tables” o taple structure. Finally, read-only users can only read

are automatically generated tables which use rows from oney,» qata in the database. with no changes permitted. As
table as column headings in another and can be used Qnaniioned previously, we are considering a fourth user
dynamically generate tables containing a variable numbercategory, “managers” who will have the ability to approve/

of columns. In this way, when add_ed to the r_neasurementdeny data addition/modification requests and will be respon-
table a new measurement type will automatically appear gjye for ensuring that the data contained within their section
as a column in the generated pivot table, permitting the ;s 4.curate.

addition of new analyses, measurements, and parameters
without modification of the underlying database structure. 3. FEATURES AND APPLICATIONS

2.2. Database Access Interface3here are a number of
interfaces available for access, depending on the needs of By making materials data available in a logically ordered,
the user. The primary method of entering data is through well-defined way, we are providing what we hope will be a
the use of software written in Peflwhich parses templated valuable resource to the scientific community. The ability
spreadsheets, and the data are inserted into the database usitg browse through the data and to perform searches based
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Figure 2. The Web interface to the dielectric database. The page allows users to browse through the dielectric database and see the
composition and permittivity of the materials in the database. Other pages which permit searching for particular permittivity values and
elements are also available.

on properties and/or compositional information enables users To facilitate data mining of the selected data set, the data
to rapidly determine previous work completed and to identify must be available in a machine readable format. Two main
“gaps” in current knowledge which will help to prevent formats are available: In the first case, comma separated
duplication of effort. variables (CSV) are provided; in the second, XML based
Additionally, data mining algorithms can be applied to the markup can be exported.
data to yield important insights into composition-structure- 3.2, Data Mining and Visualization. One example of a
property relationship%. To enable this ability, the user must  data mining algorithm is the artificial neural network (ANN)
be able to generate data sets using flexible record selectionwhich uses a data set extracted from the database to learn
rules which are then exported from the database in a machinecomposition— function relationships. We have developed
readable format. an ANN which allows users to make predictions of materials
3.1. User Requirements.In order to enable users to properties, such as permittivity and diffusion coefficient,
browse/search the available data and also to enable applicatsing only the composition of the materfal.
tion of data mining algorithms, several requirements were A Web-based interface to the ANN permittivity predictor
identified. The user must be able to: has been developed and is also publicly available (Figure
1. Browse through the whole data set. This view of the 3). To obtain property predictions, the user enters the material
data permits the user to view the composition and property composition into a Web form which is then submitted to
information for the records in the database. the prediction system. The ANN is executed, and the
2. Select records based on a range of properties. Thepredicted result is returned to the user. Since the ANN is
system allows the user to enter a permittivity range which trained using data contained within the database, the pre-
allows the user to select records which have a particular dicted results are more likely to be accurate for materials
permittivity. which are similar to those found in the database. For
3. Select records based on their composition. Composi- example, oxygen is ubiquitous, whereas aluminum is only
tional information can be used to select records from the present in a few materials. Since the ANN will attempt a
database. The system allows the user to enter a desiregrediction for any entered material, statistics are generated
element and the quantity required. from the database, along with a reliability index, to permit
The selected records are displayed on the screen as showthe user to make an informed decision about the accuracy
in Figure 2. When a user selects a particular record from of a prediction.
this screen, another page is displayed. This screen provides The Web-based ANN prediction system is provided via a
further metadata and includes the original referenced pub-Web servicé? which provides a means for running applica-
lication from which the data was extracted. tions over the Internet. The approach allows the separation
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Figure 4. The combinatorial materials discovery cycle. The database forms the central ‘hub’ of the system.

of Web and application servers which is more flexible and intensive applications such as ANN training and genetic
secure than a monolithic system. This also means that CPUalgorithm materials design can be run on a suitable high
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performance machine, freeing up the Web server. As the (4) Woo, S.; Kim, K.; Cho, H.; Oh, K.; Jeon, M.; Tarte, N.; Kim, T.;

; ; ; Mahmood, A. Current Status of Combinatorial and High-Throughput
informatics system is used to add and update data, the ANN Methods for Discovering New Materials and CatalyQSAR Comb.

can automatically be retrained. Sci. 2005 24, 138-154.

Apart from ANN lassification algorithm h (5) Bein, T. Efficient Assays for Combinatorial Methods for the Discovery
part fro s, classification algorithms such as of CatalystsAngew. Chem., Int. EAL999 38, 323-326.

Support Vector Machines (SV'% can be used to _predlct . (6) Maier, W. F. Combinatorial Chemistry - Challenge and Chance for
other types of data. For example, the manufacturing condi- the Development of New Catalysts and Materidlsgew. Chem., Int.

tions and processing of ceramic samples also affect the _ Ed.1999 38 1216-1218.

. - - : i~ (7) NIST WebSCD: Structural Ceramics Datababép://www.ceram-
properties and qual'ty of the final sample. Since ceramic ics.nist.gov/srd/scd/scdquery.htm (accessed November 11, 2007).

processing conditions are recorded in the database, along with (g) National Institute of Science and Technology. http:/Awww.nist.gov/
details of the sample condition, optimal conditions (sintering (accessed November 11, 2007).

; ; (9) Dielectric Database Onlinehttp://www.ece.utah.edu/dielectric/ (ac-
time, temperature, etc.) for the production of good samples cessed November 11, 2007).

can be determined. (10) MatWeb http://www.matweb.com/ (accessed November 11, 2007).

3.3. Materials Design.There has been considerable work (11) Karditsas, P. J.; Lloyd, G.; Walters, M.; Peacock, A. The European
Fusion Material properties databaBesion Eng. De2006 81, 1225~

on the design of chemical compounds and materials using 1229
data-mining techniques, particularly in the pharmaceutical (12) coveney, P. V.; Fletcher, P.: Hughes, T. L. Using Artificial Neural
industry33536.37 Catalyst design is also a popular area Networks to Predict the Quality and Performance of Oil-Field Cements.

i i - _mini i 39 Al Mag. 1996 17, 41-53.
for materials design using data-mining techniqtie®: (13) Bvane 3. R G Edisinghe, M. 1. Coveney, P. V.. Eames, J.

However, minimal work has been published on the design Combinatorial searches of inorganic materials using the ink-jet

of ceramics with electronic and ionic conducting pro- printer: science, philosophy and technologyEur. Ceram. So2001,

perties_ 21, 2291-2299.

. . . e (14) Functional OXide Discoery, EPSRC Grant: GR/S85269/01. http://
By applying a genetic algorithm to the ANN prediction www.foxd.org (accessed November 11, 2007).

algorithms, we have designed materials which are predicted(15) McFarland, E. W.; Weinberg, W. H. Combinatorial approaches to

o . - . . _ materials discoveryTrends Biotechnol1999 17, 107—115.
to exhibit optimal propertie€’ The genetic algorithm em (16) Harvey, M. J.; Scott, D.; Coveney, P. V. An integrated instrument

ploys stochastic search techniques to invert the ANN, thus ™  control and informatics system for combinatorial materials research.
providing predictions of materials suitable for laboratory J. Chem. Inf. Model2005 46, 1026-1033.

examination. These predictions complete the materials (17) Zhang, Y. Chen, L Yang, S.; Evans, J. R. G. Control of particle
segregation during drying of ceramic suspension droplet€ur.

discovery cycle shown in Figure 4 and are used to suggest  ceram. Soc2007 27, 2229-2235.
materials for production by LUSI. By repeating this cycle, (18) Pullar, R. C;; Zhang, Y.; Chen, L.; Yang, S.; Evans, J. R. G.; Alford,

i i i i i i N. McN. Manufacture and measurement of combinatorial libraries of

We'can |terat|vgl)_/ |mprove .the materials designs until an dielectric ceramics: Part |: Physical characterisation af B, TiO3

optimal composition is obtained. libraries.J. Eur. Ceram. Soc2007, 27, 3861—3865.

(19) Pullar, R. C.; Zhang, Y.; Chen, L.; Yang, S.; Evans, J. R. G.; Petrov,
P. K.; Salak, A. N.; Kiselev, D. A.; Kholkin, A. L.; Ferreira, V. M.;
Alford, N. McN. Manufacture and measurement of combinatorial

. . . . libraries of dielectric ceramics: Part Il. Dielectric measurements of

The database is available for academic use, access details  ga1-xSxTiO3 librariesJ. Eur. Ceram. So2007, 27, 44374443
of which can be obtained from http://db.foxd.org. Initially, (20) Fearn, S.; Rossiny, J. C. H.; Kilner, J. A.; Zhang, Y.; Chen, L. High

il i i i throughput screening of novel oxide conductors using SISl
access will include the literature database and basic search Surt. 5012006 252 7150-7162.

functlonallty, but, as more validation is performed. within (21) Frantzen, A.; Sanders, D.; Scheidtmann, J.; Simon, U.; Maier, W. A

our research group, more complex search functions and Flexible Database for Combinatorial and High-Throughput Materials

online visualization may be made available to the research(zz) ggg&cgng //Comb- 5C230_5 24, i/z(—ZS-  Novernber 11, 2007)
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