
Combinatorial Approach to
Materials

Pioneered by the pharmaceutical indus-
try, the combinatorial method is now widely
accepted as a watershed in the discovery
and optimization of new compounds.

The high-throughput combinatorial ap-
proach allows simultaneous synthesis and
screening of large arrays of different mate-
rials. In recent years, the scope of the com-
binatorial strategy has rapidly expanded
beyond drug discovery, and there have
been significant advances in its applica-
tion to the development of new polymers,
catalysts, and materials for electronics1,2

(see the April 2002 issue of MRS Bulletin
on Combinatorial Materials Science).

In any materials synthesis procedure,
there are a number of parameters, inde-
pendent and interdependent, that govern
the formation and properties of the resulting
phases. When such experiments are carried
out in an ordinary one-by-one manner,
subtle experiment-to-experiment varia-
tions in process parameters could poten-
tially lead to significant deviation from the
expected behavior. Such a problem can 
be circumvented by the use of the high-
throughput approach, which allows rapid

and systematic navigation in a multidimen-
sional parameter space, producing statisti-
cally higher-quality data.

In a combinatorial setting, up to thou-
sands of different stoichiometries, encom-
passing a wide compositional landscape,
are synthesized in parallel. New characteri-
zation and screening techniques capable of
handling combinatorial libraries and com-
position spreads have emerged, and most
of the physical properties that are critical
for the development of new materials can
now be quickly mapped with a through-
put rate that matches the synthesis proc-
ess. Depending on the exact nature of the
measurement scheme, enormous amounts
of physical property data can be amassed
from a single combinatorial library.

Systematic materials characterization
data can be used to formulate strategies
for optimizing a product or constructing
models of underlying physical mecha-
nisms that govern the materials proper-
ties. Data-mining techniques can facilitate
this process, so that one can visualize large
and complex data sets, extract structure–
property and process-parameter–property

relationships, validate physical models,
and so on.

Data Management and Data
Mining

Until recently, mining of materials data
has been a daunting task, because the only
way to assemble data sets with sufficient
volume has been to extract measurement
results from a large number of publica-
tions. This task is time-consuming, and it
is often impossible to evaluate the reliabil-
ity of individual data points because meas-
urement and sample preparation techniques
may vary. High-throughput parallel syn-
thesis and characterization of samples can,
for the first time, solve this problem by cre-
ating model data sets of systematic mate-
rials data covering large composition and
parameter spaces.

Data mining in materials science can be
implemented on a number of levels. In the
simplest case, visualization, analysis, and
modeling are applied to data obtained
from a single or a few libraries, covering a
single family of compounds. This can be
useful for optimizing materials properties.
A more challenging task is to answer more
fundamental questions by looking at wider
collections of data from different families
of compounds, bringing together data from
many sample libraries. This can be done if
the experimental data are stored in a way
that facilitates data exchange and long-
term storage. Similar requirements for
handling experimental data in the fields of
organic synthesis and drug development
have resulted in the development of a
wide variety of specialized laboratory in-
formation management systems (LIMS).3
On the other hand, very few tools exist for
managing data from high-throughput mate-
rials development experiments that would
facilitate collecting and distributing large
materials data sets.4 These problems are
being solved on two levels: developing
standards for representing materials data,
and building database tools for rapidly
processing, storing, and distributing large
data sets.5 There are numerous projects
underway to create standards for describ-
ing materials and characterization data
using XML,6 but none of them has gained
the widespread acceptance necessary for
successful general distribution of XML-
encoded materials characterization data
sets. This is clearly a field that urgently
needs further development.

The sheer quantity of data produced 
by combinatorial experiments represents a
difficult logistical challenge. For instance,
the size of the raw data collection from
synchrotron microdiffraction results for a
single combinatorial library with hundreds
of members can easily reach terabytes.
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Visualization is usually the first step in
data mining. It is an important step be-
cause it enables transformation of large
data sets into a form that can be handled
efficiently by the human brain. The task at
hand is to generate effective means of pre-
senting multidimensional data sets in
such a way that relevant parameter corre-
lations become visible, even when there is
no a priori knowledge as to what types of
correlations to look for. It is a particularly
nontrivial task to represent spectral type
data for a two-dimensional combinatorial
library simultaneously. An example of
how such a problem may be approached
is shown in Figure 1, where x-ray micro-
diffraction data (for 2θ from 42.5° to 47°)
from 536 diffraction patterns taken from a
composition-spread library that covers the
entire ternary-composition phase space of
the Ni-Fe-Co system7 are plotted. To view

all the diffraction data together, a three-
dimensional volumetric contour repre-
sentation is used so that diffraction peak
positions and intensities are displayed si-
multaneously as a function of composi-
tion.8 This plot underscores the utility of
an added dimension in properly convey-
ing all the information. Inspection of such
a figure together with plots of other prop-
erties is instrumental in finding correla-
tions between physical parameters. In a
similar study of the Ni-Mn-Al ternary sys-
tem, evidence that a particular x-ray peak
shift had a strong anticorrelation with the
remanent magnetization revealed the ori-
gin of magnetism in a particular composi-
tion region.8,9

PCA and QSAR
Data mining is particularly useful for

dealing with data systematically generated

to cover materials process descriptor
space: analysis of relationships between
material properties and process parame-
ters can reveal hidden factors that are dif-
ficult or impossible to measure directly.
For example, correlations between se-
lected materials properties and process
parameters are shown as a matrix plot in
Figure 2. This experiment was designed to
explore the mechanism of lattice defect
formation in thin Nb:SrTiO3 films grown
by pulsed laser deposition. Approxi-
mately 60 thin films were grown at vari-
ous process conditions, where the ablation
laser parameters, background gas pres-
sure, and target–source distance were var-
ied while the growth was monitored by
electron diffraction. The lattice parame-
ters, optical absorption, transport, and di-
electric properties of all samples were also
measured.

These correlation plots immediately
showed that the deviation of the lattice
constant of the film from the bulk value
and optical transmittance at 1000 nm have
a minimum at a specific energy density of
the ablation laser (highlighted in the fig-
ure). The optical transmittance also had a
clear linear correlation with the lattice pa-
rameter of the film and the intensity of the
film x-ray diffraction peak. In this mate-
rial, the optical absorption in the near-
infrared range probes the free carrier
density and, thus, film conductivity. Sim-
ple scatter plots of the raw measurement
results were sufficient to show that devia-
tions of the laser energy from a critical
value result in defect-rich films (lattice pa-
rameter deviates from bulk value, diffrac-
tion peak intensity drops) with a reduced
carrier activation ratio (increased optical
transmittance). More detailed analysis of
all experimental results allowed the defect
types to be identified and traced back to
minute cation stoichiometry changes in
the films.

Another common technique that can be
used to find the dominant interactions in a
multidimensional data set is to reduce the
dimensionality of the descriptor space by
principal component analysis (PCA). In
one example, PCAwas used to look for cor-
relations between descriptors in the syn-
thesis process of ferroelectric Bi4Ti3O12 thin
films that were deposited using a vapor-
phase flux-mediated epitaxy technique.10

The purpose of the combinatorial experi-
ment was to rapidly identify the optimum
flux composition for the growth of single-
crystalline Bi4Ti3O12. In total, six pseudo-
ternary composition spreads, spanning
compositions of a variety of impurity
fluxes, were synthesized. Based on scan-
ning x-ray diffraction and subsequent mi-
crostructural characterization, it was found
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Figure 1. Three-dimensional contour representation of all the x-ray diffraction spectra from
a Ni-Fe-Co composition-spread library. From the large high-intensity region in the 43–44.5°
range, one can readily discern how the x-ray peak angle continuously shifts as a function of
composition in the fcc phase. The other high-intensity peak in the Fe-rich region at around
44.5–45° is the bcc phase. The plot is best viewed from different angles or in a rotating
animation (viewable at www.combi.umd.edu under FeCoNi XRD visualization).



that CuO as the flux material resulted in
single-crystalline Bi4Ti3O12 with a nearly
perfect structure. Three hundred composi-
tion points from the experiment were
used to run PCA with 24 descriptors, in-
cluding various chemical parameters such
as acidity (i.e., a generalized electron neg-
ativity of metal ions),11 formation enthalpy,
Pauling bonding ionicity, and the Dietzel
parameter (which measures the likelihood
of formation of intermediate phases).12 The
first and second principal components
were found to predominantly represent

the crystallinity of the c-axis oriented film
and the bonding ionicity in the flux, re-
spectively. The loads plot in Figure 3
indicates that crystallinity has anticorrela-
tions with the acidity and the Dietzel pa-
rameter and no strong correlation with
the bonding ionicity. The finding that the
smaller Dietzel parameter leads to higher
crystallinity is in agreement with a known
fact from earlier bulk synthesis of similar
compounds that CuO serves as a good
flux in general due to the reduced chance
of formation of intermediate phases.13

While composition spreads are power-
ful for mapping phase diagrams, continu-
ous variation of the composition translates
to an inherent lack of diversity in the data
set, even if a large number of sampling
points are used across a ternary phase
space as in the above case. Because physi-
cal attributes frequently vary linearly as a
function of continuously changing com-
position, mining processes relying solely
on composition-spread data often do not
lead to significant revelations beyond locat-
ing local maxima of physical properties,
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Figure 2. A correlation matrix plot of optical, structural, and transport properties, together with several process parameters of Nb-doped SrTiO3

thin films grown by pulsed laser deposition. The table rows from top to bottom represent the ablation laser spot area (Area), energy density
(Density), film deposition rate (Depo rate), deposition rate scaled by laser spot size (DR/area), number of observed electron diffraction
oscillations (# Osci), transmission at 1000 nm before annealing (b T1000 nm), lattice parameter deviation from bulk value as measured by x-ray
diffraction (After XRD delta c), x-ray peak intensity after annealing (a XRD int), transmission at 1000 nm after annealing (a T1000 nm), and
lattice-constant deviations from bulk value before annealing (ba XRD delta da). Different colors correspond to larger (orange), intermediate
(violet), or smaller (blue) target–sample deposition distances. The boxes highlighted in yellow show the trends discussed in the text.



unless data from a large number of differ-
ent systems are combined.

These examples underscore the utility
of simple mining techniques to reveal un-
derlying mechanisms of physical proper-
ties and trends. However, the ultimate goal
of data mining is the prediction of new
compounds. The notion of quantitative
structure–activity relationship (QSAR)
plays a prevalent role in designing libraries
for the discovery of new drugs. Whereas
there are effective descriptors to character-
ize biological molecules and drugs in gen-
eral, there are no well-established QSAR
models in materials science due to the com-
plexity of solid materials. Yet the sheer di-
versity and complexity of solid materials
call for intelligent optimization strategies
in high-throughput experimentation.14–16

Recently, a QSAR model was developed
for catalysis. Farrusseng et al. synthesized
a diverse library consisting of 467 different
multicomponent catalysts, which were

tested in the oxidation of propene.17,18 The
resulting catalytic performances were 
statistically studied and separated into
five types of properties such as catalysis
exhibiting low conversion or high CO2
selectivity. A set of 3200 attributes was
generated as combinations of parameters
including enthalpies of formation of dif-
ferent oxides, coordination numbers of
atoms, ionization energies, and electroneg-
ativities. Neural networks and hierarchi-
cal classification techniques were then
used to establish a QSAR model between
the catalytic property and the descriptors
of the solids. As a result, attributes were
reduced to an essential set of 23, which
can be used to predict whether a catalyst
would fall into one of the five perform-
ance classes with a predictive power sub-
stantially exceeding random statistical
selection (Figure 4). This information can
now be used to design compounds with
targeted catalytic properties.

Summary
Integration of combinatorial experi-

mentation with mining and modeling
techniques provides a powerful platform
for the development of new materials. In
principle, such a method is applicable to
any materials science problem. Future
challenges include interfacing the experi-
ments with various existing materials
databases and generating new databases,
in turn, from combinatorial libraries. The
successful incorporation of informatics
techniques into combinatorial methodol-
ogy can further enhance the efficiency of
the overall approach and lead to acceler-
ated innovation in materials research.
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