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Abstract

A signi®cant breakthrough has been achieved using materials databases, semi-empirical methods and neural networks to aid
in the design of new materials. A collaborative, international, team discovered that a non-linear expression involving one

elemental property parameter could be used to predict, with 99+% accuracy, the occurrence of a compound for any ternary
materials system. This elemental property parameter, referred to as the Mendeleev Number, was conceived by D.G. Pettifor in
1984 to group binary compounds by structure type. The near term signi®cance of this discovery is the obvious savings, in time

and resources, relative to assessing the merits of future, yet-to-be-realized, materials systems. In longer term this breakthrough is
the basis for both narrowing the search space for potentially bene®cial new materials and enabeling the prediction of even more
speci®c materials information such as stoichiometries, crystal structures and intrinsic properties. 7 2000 Elsevier Science Ltd.

All rights reserved.
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1. Introduction

Materials design, which today is still more a process
of discovery than design, is principally an investi-

gation based upon known concepts and the acquired
intuition of experimentalists. Analyzing the conditions

which empower successful designs of new materials
suggest that they do not rely on a particular tech-

nique, a unique experimental observation, or an
abstruse theory to be proven or disproven. On the

contrary, materials design e�orts critically depend

upon amassing large volumes of experimentally deter-
mined data that permits an individual with deep
insight to perceive an underlying pattern not pre-
viously apparent. Extending and automating this data-
driven process is leading toward an emerging new
area of materials design based upon four enabling
technologies:

1. The creation and the use of huge, critically evalu-
ated materials databases which comprehensively and
continuously assimilate the published world litera-
ture (Materials databases).

2. Computer-aided reduction of the elemental property
parameters and systematic combinations of them to
®nd the salient feature sets which can link elemental
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property parameter expressions with materials sys-
tem properties (Semi-empirical methods).

3. Re®nement and optimization of the obtained
results, from two (2), via computational approaches
for obtaining high-accuracy predictions (Neuro-
computing).

4. Computational prediction of the most promising
materials systems with the objective of reducing the
experimental work required for its veri®cation, and
to create a theory-based explanation for such quan-
titative results (First principle calculation).

1.1. Materials databases

The amount of critically evaluated materials data is
beginning to reach an acceptable volume, but is still
far from being considered comprehensive. Listed below
are the six most signi®cant materials databases in the
world (available in electronic form) list:

Binary alloy phase diagrams CD-ROM. This CD-
ROM is maintained by ASM International (editor-
in-chief: T.B. Massalski).
CRYSTMET. This Intermetallic Structure Database
was maintained until 1 April 1997 by National
Research Council of Canada NRCC, CISTI. Hard
copy versions are Pearson's Handbook of Crystallo-
graphic Data for Intermetallic Phases, by P. Villars
and L. Calvert, ASM International, 1991 and Pear-
son's Desk Edition, by P. Villars, ASM Inter-
national, 1997 which contain crystallographic data
for intermetallics and alloys.
ICDD PDF2. This Powder Di�raction Patterns
Database is maintained by the International Centre
for Di�raction Data in Newton Square, PA, USA
and contains mainly measured powder patterns.
ICSD. This Inorganic Structure Database is main-
tained by the Fachinformationszentrum in Karls-
ruhe, Germany and contains crystallographic data
for inorganic compounds.
LPF (Linus Pauling File). A basic database for
alloys, intermetallics and inorganics. This ®le is
under construction by the Japan Science and Tech-
nology Corporation JST in Tokyo and MPDS in
Switzerland, and is planned to enter the yearly
update stage in 2007 which covers structure, di�rac-
tion, property, constitution and bibliographic data
(editor-in-chief: P. Villars).
Ternary alloy phase diagrams CD-ROM. This CD-
ROM is maintained by ASM International (editor-
in-chief: P. Villars).

1.2. Semi-empirical methods

There exists in the literature an extensive repository

of `high quality' correlations between experimentally
determined materials properties and the chemical el-
ements present. These correlations often involve fea-
tures, de®ned as a relation between parameters, each
of which may be the value or function of one or more
elemental property parameters. Aside from the usual
variation in the experimental data and resulting corre-
lations among alternative overlapping sources, they all
share common methods, herein referred to as semi-
empirical methods, for deriving materials property
values based upon varying, small to large, amounts of
published data. These common methods range from
simple two feature graphs to n-dimensional data
reducted to either a two- or three-dimensional rep-
resentation. The reduced data representations are
intended to aid in identifying correlations or consistent
relationships among the features of a set of materials
systems. A comprehensive review of the available
sources identifying such correlations is given in Villars
(1995).

Unfortunately, while semi-empirical methods have
been the paradigm of choice in materials design, they
are typically of little value in the prediction of new, yet-
to-be-realized, materials with novel or unusual proper-
ties. Among the literally thousands of physico-chemical
representations, or formalisms in the literature, poss-
ibly the most famous is Mendeleev's law Ð the so-
called Periodic Table. While the Periodic Table has
been organized and/or reorganized (Pettifor, 1984) in
many ways by various scienti®c communities, critically
important to acknowledge here is that Mendeleev's
Periodic Table has made a signi®cant impact on ma-
terials science. More speci®cally, it is the basis for
grouping elements by distinguishing features (e.g.,
alkali metals, transition metals, semiconductors, noble
gases, etc.). This impact is due, in part, to the volume
of information that is concisely captured in this two-
dimensional (2D) representation. A testament to the
value of such pictorial representations is the work of
several other contributors in the scienti®c community
that have utilized 2D methods such as crystal-structure
maps, (Pettifor, 1984) and materials-selection-charts
(Ashby, 1982) to emphasize features and clustering of
the elements and/or compounds.

Within the context of materials design methods,
Kiselyova (1993) has argued that, in principle, there
are three ways to predict the existence of new inor-
ganic compounds, and further, to forecast their intrin-
sic compound properties, based on a knowledge of
their constituent component property parameters:

. quantum-mechanical calculations,

. two-dimensional criteria (classi®cation rules) found
by semi-empirical methods, and,

. multi-dimensional criteria found by computer learn-
ing techniques.
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It is noteworthy that many, nearly all, semi-empiri-
cal methods involve 2D representations. This can be
explained by a propensity to seek `linear' relationships
among features, which can be extended to 3D by
involving a third dimension. To date, 3D represen-
tations have not been used because of the di�culty in
perceiving a pattern as the density of points increases.
To address this problem several researchers, including
Pao(1998) and Chen (1998), exploit electronic rep-
resentations as a means to enhance visualization and
insight, while enabling a more dynamic, user-driven
repository for depicting data. Of interest is the devel-
opment of a fully automated discovery space to search
for both salient features (combinations of elemental
properties) and the identity of consistent relations, in
either 2D or 3D feature sets which correlate with pub-
lished, experimentally determined, intrinsic materials
system properties.

1.3. Neuro-computing

Our neuro-computing work relates to the third
approach, namely the learning of a functional model
in multi-dimensional space of how materials property
depends on features or equivalently, on the position of
a system in that multi-dimensional space.

We know the task is very di�cult when very large
numbers of data items are involved and when the
number of features for each data point may also be
high.

Prior to using the Mendeleev Number as the sole
feature of an element, we had followed a two step
neuro-computing approach towards the building of the
equivalent of `structure maps'. Initially ®ve features
were used to characterize each element. Procedures
based on proximity in such pattern spaces could
indeed predict, with about 90% accuracy, whether a
newly proposed system would be former or nonformer.
When local feedforward neural-nets were used in ad-
dition to self-organization, accuracy of over 99.5%
was achieved. In other words, in that 15-dimensional
space it was not proximity alone which determined
whether a new system would be former or nonformer,
the distribution of the data points was also important.

It was found that the Mendeleev Number could
serve as a highly e�ective feature, more so, for
example, than the Atomic Number. Nevertheless, the
highest accuracy ®gures are obtained when Mendeleev
Number is used in combination with some other fea-
tures. The problem of multi-dimensional complexity is
still with us and our neural net approach is still valid
and e�ective. But all simpli®cations are welcome.

The neuro-computing approach as we have devel-
oped, it corresponds to an a priori approach where we
proceed in an orderly manner to analyze data so as to
enable inductive inference. The happy discovery of the

extraodinary e�ectiveness of the Mendeleev Number
corresponds to the exploitation of an `a posteriori'
ordering. From a computational point of view, the
question is how can we learn the next `a posteriori'
feature which is just right for the classi®cation or esti-
mation task being considered. In the meantime, we use
both approaches, in combination. However, progress is
also being made on the `a posteriori' aspects of the
approach, so that singularly e�ective features can be
identi®ed.

2. First principle calculations

Using semi-empirical methods, it is clear that the
number of correlations needed to encompass 3+ el-
ement materials systems will be prohibitively expensive
to discover. Consider, for example, the number of cor-
relations one would expect to ®nd among the poten-
tially 161,700 ternary and 3,921,225 quaternary
compounds. In addition, in order to establish structure
and phase relationships, one has to prepare and inves-
tigate at least 10 times more samples per system for
each additional element, e.g., from ternary to quatern-
ary. Therefore, a need exists to focus ®rst principle cal-
culations towards selected groups of the most
promising compound classes before starting with ex-
perimental veri®cation. In the best case, one can
achieve a theory-based explanation for such quantitat-
ive results from ®rst principle calculations, which
would be essential to ®nd the direct processing par-
ameters to optimize its production.

3. Ternary compound former/nonformer prediction from
the materials databases and semi-empirical methods
point of view

In this paper, we demonstrate the bene®cial inter-
play of materials databases, semi-empirical methods
and neuro-computing on the example of ternary ma-
terials information distinguishing between compound
forming and nonforming systems.

3.1. Materials databases

In this work we used materials system data from the
following databases:

. PEARSON's DESK EDITION (electronic version)

. BINARY ALLOY PHASE DIAGRAMS CD-ROM

. TERNARY ALLOY PHASE DIAGRAMS CD-
ROM

and we found published information (experimentally
determined) concerning formers/nonformers for 6,998
distinct ternary systems, from which we prepared the
following three data sets:
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Set 1 455 test-data (383 nonformers/72formers)
from TERNARY ALLOY PHASE DIA-
GRAMS CD-ROM and PEARSON's
DESK EDITION

Set 2 2279 training-data, all nonformers derived from
666 binary nonformers contained in the
BINARY ALLOY PHASE DIAGRAMS
CD-ROM

Set 3 4264 training-data, all formers from PEAR-
SON's DESK EDITION of systems hav-
ing at least one ternary compound with a
ternary structure type

We used the following important de®nitions to estab-
lish the data sets.

Set 1 The di�erence between a former and a nonfor-
mer is that the compound-forming system pos-
sesses at least one ternary compound separated
by three two-phase regions involving three
adjacent binary and/or ternary compounds. In
each case, when no phase diagram was known
for a ternary crystal structure, the A-B-C com-
pound was accepted as a compound former.
For those systems where contradictory infor-
mation existed between phase diagram and
crystal structure data Ð the material system
was not used.

Set 2 Based upon the criteria that a ternary system
is a nonformer when all its three binary
boundary systems are also nonformers, we de-
rived 2279 ternary nonformers based on the
existence of 666 published binary nonformer
phase diagrams.

Set 3 Based upon the criteria that a ternary system
is a former when at least one ternary com-
pound with a ternary crystal structure is pub-
lished, we found 4264 ternary formers. Note
this simple selection criteria excludes the in-
clusion of pseudo-ternary compounds which
are solid solutions of binary compounds.

3.2. Semi-empirical methods

When considering factors that govern compound
formation, it is desirable to identify regularities, com-
prised of elemental property parameters of the con-
stituent chemical elements, so that the existing
experimental data (former/nonformer) can be e�-
ciently systematized. Generally, we consider regu-
larities comprised of a minimum, but most salient,
number of elemental property parameters that have
real predictive value to systematize a large group of
data with an accuracy in the range of >99%. In pre-
dicting compound formation for not yet experimen-

tally investigated systems, perhaps the opposite is more
the case, i.e., the more data considered, the more trust-
worthy is a prediction based on such regularities.

To make predictions, one starts from the chemical
elements and the tabulated elemental property par-
ameters of the chemical elements, and calculates the el-
emental property expressions for a system of interest.
Therefore, elemental property parameters are only of
practical interest where they are known for most
chemical elements with adequate accuracy. For
example, from the regularity and its constituent el-
emental property parameter expressions to be dis-
cussed, one can predict whether a yet-to-be-realized
materials system will form a compound (with an accu-
racy of >99%).

In principle, it should be su�cient to use only the
Atomic Numbers as elemental property parameter.
Slater (1956) once made the following comment: ``I
don't understand why you metallurgists are so busy in
working out experimentally the constitution (crystal
structure and phase diagram) of multinary systems.
We know the structure of the atoms (needing only the
Atomic Number), we have the laws of quantum mech-
anics, and we have electronic calculation machines,
which can solve the pertinent equation rather quickly.''

Some 35 years later Chelikowsky (1991) wrote in an
excellent review, the following: ``Although the inter-
actions in intermetallic compounds are well under-
stood, it is not an easy task to evaluate the total
energy of solids. Even at absolute zero, the energy of
an isolated atom is in the order of about 106 eV, while
the cohesive energy is only of the order of 1±10 eV/
atom. Thus, one must have a method that is accurate
to one part in one million, or better.'' The other fact
that greatly complicates evaluating the cohesive energy
by theoretical methods is the number of particles
involved. Given that a macroscopic solid may contain
1023 nuclei and electrons, it is impossible to determine
the total energy of the crystal structure without some
approximations.

Within the last 20 years, two advances have
made it possible to predict the cohesive energy of
solids by numerical solution of the quantum-mech-
anical equations of motion (e.g., SchroÈ dinger's
equation), (1) the invention of high-speed computers
and (2) density functional theories, which greatly
simplify calculations involving many-electron inter-
actions. The accuracy of these computations is
impressive, but still not at the same level as the
most careful experimental measurements. Nonethe-
less, it is now possible for chemical elements and
simple intermetallic compounds to predict the rela-
tive stability of given crystal structures. The com-
plexity of the above-discussed problem illustrates
that one cannot, within the next decade, expect that
the constitution (crystal structure and phase dia-
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Table 1

The 73 elemental property parameters used in this work grouped according to the six (actually seven) factors

Size factor

Radii pseudo-potential Zunger (a.u.)

Radii ionic Yagoda (nm)

Radii covalent (nm)

Radii metal Waber (nm)

Distance valence electron Schubert (nm)

Distance core electron Schubert (nm)

Volume atom Villars-Daams (10ÿ6nm3)

Volume V2/3Miedema (cm2)

Number atomic environment Villars-Daams

Heat (Cohesion-energy) factor

Temperature melting (K)

Temperature boiling (K)

Enthalpy vaporization (kJ molÿ1)
Enthalpy melting (kJ molÿ1)
Enthalpy atomization (kJ molÿ1)
Enthalpy surface Miedema (kJ molÿ1)
Enthalpy vacancies Miedema (kJ molÿ1)
Energy cohesive Brewer (kJ molÿ1)
Modulus compression (GPa)

Modulus bulk (GPa)

Modulus rigidity (GPa)

Modulus Young (GPa)

Electro-chemical factor

Electronegativity Martynov±Batsanov

Electronegativity Pauling

Electronegativity Alfred±Rochow

Electronegativity absolute

Energy ionization ®rst (kJ molÿ1)
Energy ionization second (kJ molÿ1)
Energy ionization third (kJ molÿ1)
Potential chemical Miedema (a.u.)

Work function (eV)

nW1/3 Miedema (a.u.ÿ1/3)
Group Number (valence electron) factor

Number valence electron

Number group

Atomic Number factor

Number Periodic Table start counting left top, left4 right sequence = number atomic

Number Periodic Table start counting right top, right4 left sequence

Number Periodic Table start counting left down, left4 right sequence

Number Periodic Table start counting right down, right4 left sequence

Number quantum

Weight atomic (10ÿ3 kg)
Charge nuclear e�ective Clementi

Charge nuclear e�ective Slater

Coe�cient mass attenuation for MoKa (cm2gÿ1)
Coe�cient mass attenuation for CrKa (cm2gÿ1)
Coe�cient mass attenuation for CuKa (cm2gÿ1)
Coe�cient mass attenuation for FeKa (cm2gÿ1)
Factor atomic electron scattering at 0.5

Mendeleev Number factor

Number Periodic Table start counting left top, top4 down sequence = number Mendeleev

Number Periodic Table start counting right top, top4 down sequence

Number Periodic Table start counting left down, down4 top sequence

Number Periodic Table start counting right down, down4 top sequence

Number Mendeleev Pettifor sequence

Number Mendeleev chemists' sequence

Factor with irregular behaviour as a function of the atomic number

Magnetic resonance (MHz)

Magnetic frequency of nuclei

Magnetic susceptibility (m3kgÿ1)
(continued on next page)
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gram) of multinary systems will be calculated from
®rst principles. Based upon this awareness, it is sen-
sible to adopt, in parallel, semi-empirical methods
based on the experimentally determined data to
search for the most reliable regularities.

It has been learned that it is impossible to start only
with the Atomic Number, and thus one must attempt
to ®nd which other elemental property parameters of
the chemical elements are needed to e�ect compound
formation. In this work we conducted a survey of 73
di�erent elemental property parameters as a function
of the Atomic Number, and it was found that there
exists six main groups, called factors, which are listed
below:

Size factor
Heat (cohesion-energy) factor
Electro-chemical factor
Group number (valence electron) factor
Atomic Number factor
Mendeleev Number factor

In Table 1 are the 73 elemental property parameters
grouped according to the six (actually seven) factors.
Taking these 73 elemental property parameters and
®ve mathematical operators (�, /, ÿ, +, maximum)
into account, there are 5 � 73 � 365 combinations (el-
emental property parameters expressions = features)
resulting in �365 � 364 � 363�=�3 � 2� � 8 ,038 ,030 3D
feature sets, assuming the best separation is achieved
using three di�erent features. Because of the high num-
ber of to-be-investigated 3D feature sets to ®nd the
best separation between the 6988 published (exper-
imentally determined) former/nonformer datasets we
have developed a program called DISCOVERY based
upon the following general idea.

We divided the DISCOVERY code into three tasks
involving the development of:

1. An automatic generator for 3D feature sets resulting
from combinations of elemental property par-
ameters and mathematical operations (8,038,030 3D
feature sets),

2. A program for the detection of those 3D feature
sets with the ``best'' separation of the material prop-
erty, distinguishing formers from nonformers,

3. A sophisticated 3D Graphics program for the inter-
active investigation of the best 3D feature sets.

The central problem is deciding what is a ``good''
separation and what is not in 3D feature space.
What humans normally do, using their visual abil-
ities, is to ®nd some kind of border between areas
and then counting how many points, with the same
property, are on the same side of this border. How-
ever, ®nding such a border is a very complex task
for a program. In 1D ®nding a border (point)
which separates ``left'' and ``right'' points is rela-
tively easy. In 2D you have to ®nd a more or less
complex border (line) between the areas and this is
already a complex optimization problem. But in 3D
you would have to ®nd a more or less complex
surface (one or more planes), and though algor-
ithms to ®nd them exist (e.g. neuro-computing),
they would take too much calculation time to be
applied on 8,038,030 3D feature sets.

So the detection algorithm must work on a much
simpler basis. We must be aware that this strategy
leads to di�erent de®nitions of what is the quality of
separation within one 3D feature set. However, our
starting point is to identify that a separation is
``good'', then assess many points, involving nearest
neighbor(s), to determine if they have the same system
property. This can be detected with simple distance
calculations. In principle, all distances from each point
must be calculated to ®nd the shortest distance, and

Spin nuclei (h)

Density (kg m3)

Resistivity electrical 298K (10ÿ8 ohm m)

Conductivity electrical at 298K (104 ohmÿ1 cmÿ1)
Conductivity thermal (J molÿ1 Kÿ1)
Velocity sound (m sÿ1)
Heat capacity molar (J molÿ1 Kÿ1)
Entropy of solid at 298 K, 100 MPa (J molÿ1 Kÿ1)
Electrochemical weight equivalent (mg Kÿ1)
Gamma free electron to speci®c heat (mJ molÿ1 Kÿ2)
Temperature Debye (K)

Thermal neutron capture cross section (bar/ns)

Hardness Brinell

Linear thermal expansion coe�cient (10ÿ6 Kÿ1)
Poisson's ratio

Spectral lines no

Vapour pressure at melting temperature (N mÿ2)
Surface tension at melting temperature (mJ mÿ2)

Table 1 (continued)
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therefore, the next nearest neighbor. Given 6,998
points, the number of calculations required is 6,
998 � 6, 997=2 � 24, 482, 503 distances Ð for each 3D
feature set. We were able to reduce this number to ap-
proximately 100,000 calculations for a rough analysis
and approximately one million calculations for a more
precise analysis. Regardless of the coarseness of the
analysis, the approach is limited by uncertainties Ð
some nearest neighbors were not be found, and there-
fore, the analysis error was about 0.1% (for the more
precise analysis).

Given this `distance' approach, what does it mean to
have ``Separation of 99%''? It means that 99% of all
points have a nearest neighbor with the same system

property. So what about the ``other'' neighbors? A
really good separation means that points of the same
property yield clusters of points, which are as big as
possible. It is no surprise that the number of ``hits''
(nearest neighbors with the same system property)
decreases with an increasing number of nearest neigh-
bors because even large clusters will come to an end
sooner or later. This indicates the real quality of separ-
ation, because a good separation starts with a high
number of hits and decreases as slowly as possible.

Considering the 73 elemental property parameters,
we list below the best separations taking into account
the separation of the nearest neighbor and the separ-
ation of the nearest 50 neighbors ranking elemental

Fig. 1. (a) The 6,998 distinct di�erent, experimentally determined, ternary systems plotted in the `Discovery Space' (3D feature space). The red

dots (0) are the ternary nonformers, the blue dots (1) are the ternary formers. (b) Distribution of the the potentially 161,700 ternary systems

plotted in the `Discovery Space' (3D feature space) x: Mendeleev number di�erence; y: Mendeleev number ratio; z: Mendeleev number maximum.

The brown dots (13) represent each a potential ternary system, indicating the outline of a simple hyperplane
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property parameters which have some relevance con-
cerning our former/nonformer separation:

No. 1: Mendeleev Number factor
99(1)c 86(50)%
No. 2: Electro-chemical factor
96(1)c 71(50)%
No. 3: Size factor (only Zunger's pseudo-potential
radii)
97(1)c 67(50)%
No. 4: Group Number (Valence Electron) factor
82(1)c 29(50)%
No. 5: Heat (Cohesion Energy) factor
95(1)c 27(50)%

No. 6: Atomic Number factor
91(1)c 25(50)%

It can be seen, that for each factor the best separ-
ation taking just one nearest neighbor into account is
still quite good, but its separation power taking its 50
nearest neighbors into account decreases quickly, es-
pecially for the Atomic Number, Heat, and Group
Number(valence electron) factors.

In conclusion, the ternary former/nonformer de-
cision is strongly dominated by the Mendeleev Num-
ber of its chemical elements. The mathematical
operators +, ÿ, /, �, maximum are all about equally
adequate. Concerning the correlation of the Mendeleev

Fig. 1 (continued)
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Number and the Atomic Number there is a direct non-
linear correlation looking at the Periodic Table: ``One
can string (in sequence) the chemical elements of the
Periodic Table in eight di�erent ways. One of the
results of counting is the Atomic Number itself (start
counting left top, left 4 right sequence), another the
Mendeleev Number itself (start counting left top, top
4 down sequence). The Atomic Number stresses the
Periods of the Periodic Table and the Mendeleev
Number emphasizes the Groups of the Periodic Table.

The best results are achieved by using the Mendeleev
Number using ``Periodic Table number start counting
left down, down4 top sequence'' with:

x: Mendeleev Number Di�erence vs.
y: Mendeleev Number Ratio vs.
z: Mendeleev Number Maximum

with 99.37% with nearest neigbour and 86.76% with
50 nearest neigbors with same materials property for-
mers nonformers (see Fig. 1a).

This best result represents the most trustworthy 3D
feature set as it is optimal in respect of:

± Using as few as possible elemental property par-
ameters (just Mendeleev Number).
± Mathematical operators as simple as possible.
± Boundary surface between former/nonformer is
simple in the `Discovery Space' (3D feature space),
see Fig. 1b.
± Distribution within the `Discovery Space' of the
available experimentally known data in respect to
all potential data are `evenly' spread and all poten-
tial data are distributed on a simple, well described
hyperplane within the 3D feature space.

The separation can be slightly improved by replacing
one of the features by a feature belonging to the elec-
tro±chemical factor, such as: Maximum of electronega-
tivity (Martynov±Batsanov), ratio or maximum of
electronegatvity (Pauling), or maximum of third ioniz-
ation potential.

4. Conclusions

Important for optimiziation of the method described
here are the following important issues to be watched,
as they might in¯uence the results:

1. The quality of the starting data (materials property)
which is to be correlated to the elemental property
parameter(s) has to be as adequate as possible,
otherwise one starts with a `too high' noise. To
select an `error-free starting data-set' requires a very
careful evaluation of the published, experimentally

determined data, by comparing crystal data and
phase diagram data of each chemical system.

2. Include many known elemental property par-
ameters, which are the starting point to derive the
potential features.

3. Minimize the number of prediction steps by cover-
ing large materials groups (e.g. treat binary, ternary,
quaternary systems together instead of simply treat-
ing binaries alone).

4. Investigate carefully the distribution of all potential
systems in your 3D feature space, with respect to
the experimentally known systems, and take this
into account for deciding which is the `best' sol-
ution.

5. Maximize the accuracy of the prediction of each
prediction step to over 99% by using several di�er-
ent approaches and comparing prediction results
(e.g. di�erent neuro-computing approaches).

6. As already mentioned in the introduction to this
publication, in principle, all materials properties
should be derivable, starting from the Atomic Num-
bers of the constituent chemical elements. Our
approach showed that the Atomic Number gives
rather a limited separation in the 3D feature space,
but an excellent separation is achieved using the
Mendeleev Number.

Finally, it should be noted that the correlation
between the Atomic Number and the Mendeleev Num-
ber is non-linear. We also hope that ®rst principle cal-
culations will reveal a theory-based understanding of
this discovery.
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