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High-throughput experimentation has become an accepted
and important strategy in the search for novel catalysts and
materials."”! However, one of the major problems is still the
design of libraries, especially, if vast numbers of catalysts are
to be explored. On the other end of the work flow, after
catalysts have been tested, data mining and the search for
trends is equally demanding. Several methods based on
expert systems® have been proposed to support the develop-
ment of solid catalysts. Also the correlation of performance
with catalyst composition, evaluated by neural networks, has
been used for the optimization of catalysts.”'!! For such
optimization programs in catalysis, evolutionary algorithms
were found to be helpful as well.'>¥! However, in these
approaches the scope was usually very limited, and an attempt
to include a wide range of properties to describe the solids was
not made. A more integrated “knowledge extraction engine”
has been proposed by Caruthers et al.'¥! for propane aroma-
tization which is, however, focused on the reaction engineer-
ing aspects.

There is a great need for software-based methods to plan
the design of libraries based on chemical knowledge, in
addition to the statistical tools which are implemented in
some of the commercial software packages. QSAR (quanti-
tative structure-activity relationship) is one of the most
powerful methods used in drug discovery to design libraries
and to extract knowledge from tests on possible drug libraries.
Such structure—activity relationships are discovered by com-
puter programs, for which molecules need to be represented
in computer data bases by so-called descriptors. The descrip-
tors can, for instance, be two-dimensional fingerprints, such as
absence or presence of certain chemical functional groups, or
can be pharmocophores, which relate to the relative spatial
arrangement of three selected chemical functional groups, or
physico—chemical properties, or many others.'"”) Whole jour-
nals are by now devoted to this topic.!'¥!

However, owing to the different nature of the problem, a
transfer of descriptor concepts to solids has not been possible
to date. In contrast to molecules, a solid can not easily be
represented in a computer, since no structural formula can be
given and encoded. If only the composition of a solid would
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be used, many important factors would be lost, since proper-
ties of a catalyst, for instance, are also very much dependent
on the synthesis and the conditions of the reaction itself.
There is one preceding study in which descriptors have been
used to correlate structural features of zeolites with the ring
size in the structures.'”’ Recently, we suggested a method-
ology to apply to heterogeneous catalysis which was expected
to work in a similar manner to the molecular descriptors.'! It
can to some extent be considered to be a multidimensional
version of the volcano principle known in catalysis for
decades.') Herein, we show that these concepts can indeed
be implemented. The descriptors thus developed have
predictive power and the concept can therefore be considered
as the transfer of “catalytic intuition” to a computer.

The method, in short, consists of the creation of a library
of solids, testing of the performance in a catalytic reaction,
description of the solids in terms of a multitude of attributes
which are available either from the synthesis of the solid or
from tabulated physico—chemical data, and, finally, the
identification of a set of those attributes which allow
discrimination between different catalytic performance.

A highly diverse library was synthesized, consisting of
467 different catalysts. Diversity in this case was judged by
chemical intuition, based on the accumulated knowledge in
the field. The library included binary oxides, multinary mixed
oxides, supported catalysts on different support materials with
various supported compounds, zeolites, and many other types.
All the catalysts of this library were tested in the oxidation of
propene with oxygen (O,:C;Hy=5:1, that is, slightly above
stoichiometric for total oxidation) in a 16-fold parallel reactor
which was a more advanced stainless steel version of the
system described by Hoffmann et al.”?” Products were ana-
lyzed sequentially by GC, which allowed the detection of
about 30 products. Each catalyst was measured twice, which
also allowed its temporal behavior to be analyzed, at five
temperature levels (200, 250, 300, 400, and 500 °C). In this way
120 parameters, that is, conversions, selectivities to 21 prod-
ucts, temporal behavior, and carbon mass balance, all at each
temperature, were generated for every catalyst.

This set of data is too vast by far for a meaningful attempt
at a correlation. We have thus classified the catalytic
performances into distinct groups with respect to an analysis
of the 120 output parameters, using principal components
analysis and then clustering techniques based on euclidian
distance. Figure 1 shows as an example the results of a tree
cluster analysis. Each of the classes can be identified with a
specific catalytic performance of the solids, as given in the
legend to Figure 1.

The other major task was the encoding of the solids. For a
virtual screening, only such attributes are useful, which are
either derived from a possible synthesis method or are
tabulated, so that they do not need to be measured. For each
catalyst we have created a set of 3179 attributes, which
include the concentrations of 60 elements from the periodic
table, 19 attributes which are related to the synthesis method,
and 3100 attributes which are taken from tabulated data.
These are, for instance, enthalpies of formation of different
oxides, possible coordination numbers of the atoms, ioniza-
tion energies, electronegativities, averages of such values for
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Figure 1. Results of a k-means cluster analysis based on eight principal
components (PC) in the projection on the PC1-PC2 plane. The clusters
which overlap in this projection are very well separated in the other
principal components. With respect to catalytic performance, the cata-
lysts can be described as follows: cluster 1 (gray) low activity, total oxi-
dation, cluster 2 (black) medium activity, total oxidation, cluster 3
(red) low activity, CO and partial oxidation products, cluster 4 (yellow)
hydrocarbon formation, cluster 5 (green) high activity, total oxidation.

multicomponent catalysts, variance of such values for multi-
component catalysts, and so on.

With 3179 attributes, a system of 467 catalysts is hope-
lessly over determined. Prior to a correlation, the number of
attributes needed to be reduced. In principle, two different
selection approaches can be chosen: The chemist can select
those parameters which appear to be most promising, or
software-based methods called feature selection can be
employed. In our case different feature selection routines
were tested, but none allowed discrimination between
relevant attributes and attributes which had no correlation
to the performance of the catalysts (although we would not
claim that such discrimination is impossible). Thus, the
number of attributes was reduced to 75 attributes by intuition,
including all synthesis-related parameters and a set of
parameters related to the properties of the elements, ions,
or oxides.

For the correlation, both neural networks and classifica-
tion trees, were used. In general, neural networks gave a
better prediction of the performance class than classification
trees. For the neural-network analysis, the catalyst set was
divided at random into the training set (50 % of the catalysts),
the selection set (25%), and the test set (25%), for the
classification trees, two groups were formed, the training set
(66 %) and the test set (33 % ). Neural networks were trained
for various different clusters based on a different number of
principal components (PC), but in all cases the predictions
were of comparable quality and vastly superior over a mere
statistical prediction. Figure 2 gives a so-called confusion
matrix for the prediction achieved with a neural network of
the multilayer perceptron type on a data set with five clusters
based on eight PCs. The initial 75 attributes were reduced to
45 relevant ones by the network algorithm. The “ratio” listed
in the matrix gives the fraction of cases which would be
predicted to belong to the specific class, if the assignment
were made at random. This value can be compared directly
with the “prediction rate”, which accounts for the correctly
classified cases in the respective predicted class. As can be
seen, the prediction rate far exceeds the ratio in all cases. The
prediction is thus substantially better than statistically
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cluster prediction | sensi-

test 1 2 3 4 5 |sum|ratio rate bility
1predicted |16 3 4 0 2 0.64 057
2 predicted | 5 m& 0 8 0.489 0.55
3 predicted [ 5 4 o 1 062 0.59
4predicted |1 0 0 3 O 0.75 1.00
Spredicted | 1 8 1 0 0.52 0.50
sum/ mean |28 33 2T 3 22 0.60 0.64

Figure 2. Confusion matrix for descriptor-based classification of cata-
lysts using an artificial neural network of the multilayer perceptron
type. 45 attributes were selected as relevant by the network out of the
75 initial attributes. In total 113 different catalysts were classified, the
colored boxes mark the number of correctly classified catalysts. The
columns 1-5 indicate the cluster to which the catalysts belong (see
legend to Figure 1), the rows 1 predicted to 5 predicted indicate the
cluster (1-5) which was predicted for a given catalyst. The ratio
describes the statistical expectation for the fraction of correctly classi-
fied catalysts, the prediction rate indicates the fraction of catalysts
assigned to a certain cluster which actually belong to this cluster. This
value can directly be compared to the ratio.

expected. The “sensibility” is the fraction of cases correctly
classified from the respective original class. For this value, no
proper statistical benchmark can be given, but the numbers
are all rather high, again indicating how good the correlation
is. In addition, misclassifications occur predominantly in
“catalytically related” classes, that is, catalysts are, for
instance, sorted into the medium-activity class instead of the
correct high-activity class, but less often into the low-activity
class.

Classification tree analysis was also performed for several
cases and Figure 3 gives a confusion matrix for such an

cluster prediction | sensi-
test 1 2 3 4 5 | sum]ratio|rate bility |
1 predicted |16 7 14 0 7| 46| 025 0.39| 045]
2 predicted Emﬁ 1 9| 45 EG 042| 044|
3 predicted |11 2 0 0| 254 048 0.31
4predicted | 2 3 2 5 0| 12 042 083
5 predicted 3 12 1 U- 30 047 047
sum/mean |40 43 39 6 30| 158 | 044| 050|

Figure 3. Confusion matrix for descriptor-based classification of cata-
lysts using a classification tree analysis. 23 attributes out of the initial
75 attributes were selected as relevant by the algorithm. Explanations
are as for Figure 2. As can be seen, both the prediction rate and the
sensibility are lower than for the neural network based analysis but still
substantially better than a random assignment to the clusters.

analysis. The number of attributes was reduced to 23 relevant
ones by the algorithm. In general, all classification trees
performed far better than a random prediction, but were
inferior to neural networks. A major discriminative effect in
this type of analysis has the normalized formation free
enthalpy of the most stable metal oxide of all the elements in
the catalyst. Influence of such a factor in an oxidation reaction
would have been expected from heuristic knowledge as well,
so that one can say with some justification that chemical
intuition has been implemented in an algorithm.

It is also revealing to inspect those attributes which were
selected to be of influence by almost all neural networks and
classification trees. These attributes are the maximum differ-
ence in the atomic radius of all the elements present in a
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catalyst, the mean electron affinity of all the elements in the
catalyst, the mean Pauling electronegativity of all the metals
and semimetals in the catalyst, the normalized formation free
enthalpy of the most stable metal oxide of all the elements in
the catalyst, the weighted mean molar mass of all the
elements in the catalyst, the difference between the highest
and the lowest ionic radius of all the elements (average radius
as basis for each element), the synthesis pathway, and the fact
whether a base was added in the synthesis. That these eight
parameters out of the 75 initially selected show up in most of
the correlations suggests that the combination of them has a
major influence in determining the catalytic performance, and
if one inspects these properties one could indeed expect some
predictive power from such parameters.

In summary, based on parameters, which do not have to be
measured, sets of attributes for solids were derived which can
be used to predict whether a catalyst falls into one out of five
performance classes in propene oxidation, with a predictive
power substantially exceeding the statistically expected
values. Figure 4 summarizes these results. This is the same
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Figure 4. Comparison of the prediction rates for the different catalyst
classes based on neural network analysis and classification tree analy-
sis together with the statistical expectation value. Statistical expecta-
tion values are not identical, because the test set contained 113 at
random selected catalysts for the neural network analysis and 158 at
random selected catalysts for the classification tree analysis.

as what an able chemist can do based on his or her experience
and chemical knowledge. Each catalysis researcher will, for
instance, suggest that Pt/Al,O; should be a good total
oxidation catalyst, or that bismuth molybdenum oxide may
form partial oxidation products. However, implementing this
kind of intuition on a general level into an algorithm is
exceedingly difficult. We have implemented a solution to this
problem and shown for one test case that the concept works in
practice. With a sufficiently broad database, one can expect
that the descriptors initially derived for propene oxidation
can be generalized to alkene oxidations or even to hydro-
carbon oxidation reactions, and the concept will be more and
more reliable the broader the database becomes and will thus
provide the basis of virtual screening as a first step in a
catalyst-discovery program.

The identification of a descriptor vector now opens the
pathway to a virtual screening of solids. For such an approach,
a multitude of catalysts would be generated theoretically,
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using, for instance, a randomizer to determine the synthesis
pathway and the composition. For each of the catalysts
suggested by the algorithm, the descriptor vector would be
determined. Then only catalysts for which a desired perform-
ance is expected would indeed be synthesized and tested, or, if
a highly diverse library is targeted at, several examples would
be selected from each predicted performance class. Since the
randomizer would suggest a composition, precursors, and a
synthesis pathway, there is a high probability, that suggested
catalysts can indeed be synthesized.

The concept is not restricted to catalysis. In general, any
materials science problem involving complex solids could be
tackled by the methodology which we have introduced.
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