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Abstract: An alternative top-down concept for
searching for homogeneous catalysts is introduced.
In this approach, three multi-dimensional spaces are
considered. These represent the catalysts, the descrip-
tor values (e.g., cone angle, lipophilicity indices), and
the figures of merit (e.g., turnover frequency, enantio-
meric excess, or product selectivity), respectively. By
generating and connecting these spaces, it is possible
to screen virtual catalyst libraries and indicate regions
in the catalyst space where good catalysts are likely to
be found. The generation of the catalyst space from
simple building blocks is presented and the applica-

tion of this approach is demonstrated for two cases:
predicting the bite angle in a library of 600 ligand-
Rh complexes, and predicting the linear :branched al-
dehyde product ratio that these 600 catalysts would
give in the hydroformylation of 1-octene. In the latter
case, the model is first trained on a set of 39 octene
hydroformylation reactions. The limitations and ap-
plications of this concept are discussed.

Keywords: catalyst discovery; hydroformylation; li-
gand design; molecular descriptors; QSAR; virtual li-
brary

Introduction

Designing new catalysts and exploring novel catalytic
reactions is one of the key challenges of homogeneous
catalysis in the 21st century.[1,2] The last two decades
have seen an enormous development in discovery and
optimisation tools, especially in the area of high-
throughput experimentation (HTE) andprocess optimi-
sation.[3] However, the concepts for exploring the cata-
lyst space in homogeneous catalysis have changed little
over the past fifty years. Basically, once an active catalyst
complex is discovered, small modifications are made on
the structure to screen the activity of neighbouring com-
plexes, covering the space like an ink drop spreads on a
sheet of paper. This is by no means a bad method, and
until recently this was also the only possible approach.[4]

With the commercialisation of HTE systems and in
particular synthesis robots in the 1990s, a different cata-
lyst screening approach was made possible, with numer-
ous reactions carried out in parallel. However, although
many thousands of catalysts were tested, very few good
catalysts were discovered.[5,6] The reason for this is that
in most of the published reports the robots performed
a systematic Bgrid search+ of the catalyst space.As shown

by Chen and Deem, this approach is unsuitable, due to
the sheer scale of the problem, plus the fact that many
of the structure-activity relationships in catalysis are
non-linear.[7] New search strategies are therefore need-
ed to complement the new robotic systems.[8,9]

In this paper, we introduce an alternative concept for
optimising homogeneous catalysts. Using a Bvirtual syn-
thesis+ platform, we assemble large catalyst libraries
(106–109 candidates) in silico. We then extract subsets
from these libraries and predict their catalytic perform-
ance using statistical models, molecular descriptors, and
QSARmodels. First, we present the theoretical basis of
this approach. Then,we construct a dataset of 600 biden-
tate ligand-Rh complexes and test the model+s ability to
predict the bite angle values for these catalysts. Finally,
we generate a quantitative structure-activity relation-
ship (QSAR) model for a set of 39 Rh-catalysed hydro-
formylation reactions using the n : iso product ratio as
the figure of merit, project the 600 structures on this
model and analyse which descriptors are important
and which catalysts are promising.
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Theory

Defining the Catalyst Space

As an example, assume that we are looking for a homo-
geneous catalyst comprised of a transition metal atom
bound to a bidentate organic ligand. Now let us consider
three multi-dimensional spaces,A, B, and C (Figure 1).
Space A is a grid containing all the catalyst structures
(i.e., all of the combinations of transition metal atoms
and bidentate ligands, where each point in spaceA per-
tains to a different catalyst); spaceB contains the values
of the catalyst and the reaction descriptors (backbone
flexibility, partial charge on themetal atom, lipophilicity
and temperature, pressure, solvent type, and so on); and
space C contains the catalysts+ figures of merit (i.e., the
TON, TOF, ee, price and so forth). By dividing our prob-
lem in this way, we translate it from an abstract problem
in catalysis to a (still abstract) problem of relating one
multi-dimensional space to another. The advantage is
that the relationship between spaces B and C can be
quantified using QSAR and quantitative structure-
property relationship (QSPR) models.[10,11] Note that
space B contains molecular descriptor values, rather
than structures, but these are related directly to the
structures, as we showed recently for the cases of mono-
dentate complexes in Pd-catalysed Heck reactions,[12,13]

and bidentate complexes in Ni-catalysed hydrocyana-
tion.[14]

Therefore, if one can generate a sufficiently large
number of sufficiently diverse structures in space A,
and link the spaces A and B, one should be able to pre-
dict the relevant figures ofmerit in spaceCusingQSAR/
QSPR descriptor models. In the following subsection,
we will present a building block assembly approach for
generating space A, and show that it is relatively easy
to obtain a large number of structures (the question of
structure diversity is much more complex, and a full
treatment of it is out of the scope of this paper[15]).

Assembling the Virtual Library (Space A)

To follow the above example, let us assume that each
catalyst contains one metal atom M and one bidentate
ligand, which includes two ligating groups L1 and L2, a
backbone group B, and three residue groups R1, R2,
andR3. Tomake things simple,wewill limit theRgroups
to one per ligating or backbone group. There is no re-
striction on similarity between the groups, i.e., it is pos-
sible that L1¼L2, and so forth. Each ligand has a unique
identifier, in the form L1(R1)-B(R2)-L2(R3). Figure 2
shows a schematic representation of the catalyst parts
and assembly possibilities. The connection points for
theR groups and between the L andB groups are prede-
fined for each building block (for example, the pyridine
ligating group 6 can connect to a backbone on positions
2, 3, or 4, and an R group can subsequently be attached
to it on one of the remaining Bfree+ positions).
Here one already faces a barrier: The number of pos-

sible structures, even using just twenty ligating groups,
ten bridging groups, ten residue groups, and this very
simplified catalyst representation, is over 1.7 billion!

Figure 1. Simplified projection of the three multi-dimensional spaces representing the catalysts (space A, left), the descriptor
values (space B, middle) and the figures of merit (space C, right). Reaction conditions, e.g., temperature, pH, or solvent type
can also in principle be incorporated in space B.

Figure 2. Cartoon showing the construction of a bidentate li-
gand (top left) and an example structure (top right) from
building blocks comprised of ligating, backbone, and residue
groups (bottom).
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Computing any parameters for such a large library is not
realistic, and even storing it is problematic (if each struc-
ture requires just 300 bytes, space Awould take up 510
gigabytes). Therefore, we will keep spaceA as a well de-
fined but virtual space, that exists in thought only. From
this space, we will sample subspaces small enough to be
analysed (typically 500–1000 catalyst structures). These
subspaces, or virtual libraries, are assembled by generat-
ing sets of different L1(R1)-B(R2)-L2(R3) identifiers and
subsequently optimising the corresponding structures.
The entire process is fully automated and a record is
kept of the sampled structures (see the Computational
Methods Section for details).
Choosing the subsets for the virtual libraries is not

trivial. For the demonstration and validation purposes
in this paper, we used random subsets. In practice, one
may insert into the selection process also prior knowl-
edge about the reaction at hand, and apply an iterative
approach using global optimisation methods (vide in-
fra).[16]

Results and Discussion

Predicting Bite Angles of Bidentate Ligand-Rh
Complexes

As a first example, we will demonstrate the possibilities
of the above approach in categorising and predicting the
properties of virtual catalyst libraries.[17] We will use the
ligand bite angle as a representative property (this de-
scriptor was shown by van Leeuwen and co-workers to
be a key parameter in determining the activity of biden-
tate ligands[18,19]). First, we Bsynthesised+ a library of Rh
chelate complexes as a specific test case, using as build-
ingblocks 20 ligating groups, 10 backbonegroups, and 10
residue groups (Figure 3).[1,20] These building blocks en-
compass a variety of functions (among them the degree
of lipophilicity, polarity, steric hindrance and the ability
to form p-bonds and hydrogen bonds).
The program then selects at random two L groups,

three R groups and one B group, and generates a L1
(R1)-B(R2)-L2(R3) string that is translated into a struc-
ture. In cases where a group has several connection
points, the program selects one of these points at ran-
dom. To avoid Bbond entanglement+ (e.g., the creation
of six-membered catenanes), we connect the blocks us-

Figure 3. Building blocks used in the assembly of the virtual library. Ligating groups (structures 1–20, boldface type indicates
the ligating atoms), bridging groups (21–30) and residue groups (31–40). The * symbols denote the connection points. After
assembling the ligand structure, the program automatically assigns H atoms to any unused connection points.
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ing very long (20 N) bonds, and subsequently minimise
the structures using molecular mechanics (MM) force
fields. This simplified approach gives good results and
is computationally inexpensive. Out of the 1.7�109 pos-
sible Rh ligand complexes (spaceA) we chose 600 struc-
tures at random. We then calculated for each of these
600 structures 138 QSAR parameters, resulting in a
138�600matrix of descriptor values (spaceB). Thisma-
trix was then divided in two subsets:A training set of 500
structures and a validation set of 100 structures.
To create a figure of merit (spaceC) for this simulated

dataset, we calculated the actual bite angles of all 600
structures (note that the bite angle is in fact a descriptor,
used here for demonstration purposes as a figure ofmer-
it[21]). The relation between spaces B and C was model-
led using principal least squares (PLS) in combination
with the training set. The number of latent variables
was determined using leave-one-out cross-validation.
To test the model+s predictive capabilities towards new
structures, we applied the validation set to the model.
Figure 4 shows the predicted vs. the calculated bite an-
gles of the validation set. The correlation coefficient of
the predicted and calculated values isR2¼0.73. This cor-
relation can be improved by using more sophisticated
models, but it can already give us a rough indication of
the desired (and undesired) regions in the catalyst space.
It is important to emphasise that the existence of

structure-activity relationships in homogeneous cataly-
sis means that space A is not simply a random grid of
structures. So-called Bgood catalysts+ should share
some important structural attributes. Were this not the
case, then any search for a good homogeneous catalyst
would be a hopeless task. In the following section, we
show Rh-catalysed hydroformylation as an example.
We chose this example expressly because this reaction
shows a clear dependency on the ligand descriptors. In
other cases, the relationship exists but it is not clear,
and descriptor selection is indeed the primary task.[14,22]

Application to Rh-Catalysed Hydroformylation

The chain extension of alkenes by CO and hydrogen in-
sertion, commonly known as hydroformylation, is a key
synthetic protocol in the chemical industry. Further-
more, it is one of the few examples where homogeneous
catalysis is practiced on a large industrial scale. The Rh-
catalysed variation has been extensively studied under a
variety of conditions,[23,24] and many results point to
strong ligand effects on activity and product selectivi-
ty.[25] For these reasons, we chose this reaction as a case
study. We examined the possibilities of using the above
approach to predict the product selectivity of bidentate
Rh-complexes in the hydroformylation of 1-octene 41
[Eq. (1)]. For this, we collected 39 Rh-catalysed hydro-
formylation reactions from the literature,[26–32] using
the n : iso product ratio as the figure of merit. Table 1

shows a partial representation of this dataset, together
with catalyst structures 44–53. Since the number of
structures is relatively small, the division into training
and test set requires special care. We based this division
on Euclidian distances, with 30 samples forming the
training set, and the remaining nine samples forming a
representative test set. The relation between spaces B
and C was then modelled with PLS, determining the
number of latent variables with leave-one-out cross-val-
idation on the training set. Figure 5 shows the predicted
vs. calculated values for the test set. The correlation co-
efficient of the predicted and calculated values is R2¼
0.84. This is not an excellent correlation, and this is
also one of the limitations of this approach. However,
this correlation is sufficient for avoiding Binactive re-
gions+ of the catalyst space.

ð1Þ

Subsequently, we used this PLS model to screen the
above library of 600 Rh-ligand complexes. Figure 6
shows a histogram of the resulting 600 n : iso ratios, div-
ided in 30 groups (30 bins). The n : iso ratios show a me-
dian at ~20. Four of the structures have predicted n : iso
ratios of >85. As Figure 7 shows, all four complexes
contain two P-ligating groups. This is not so surprising,
as the training set contains only P-ligating groups.
Note, however, that catalysts 54 and 55 are more bulky,
while 56 and 57 contain more electron-withdrawing
groups. Catalyst 57 is especially interesting, as it seems

Figure 4. Predicted vs. calculated bite angles.
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very different from the usual Bbulky ligand+ approach.
This shows that in principle it is possible to find ligands
with very different structures that exhibit similar behav-
iour (vide infra). For our demonstration purposes, how-
ever, the important part is not so much the performance
of individual structures, but the fact that the model can
identify trends in the catalysts+ performance.

Variable Importance (VIP) Studies

Not all QSAR parameters are equally important for the
model+s performance. To rank the parameters, we con-
ducted a VIP analysis. VIP helps us to discard unimpor-
tant parameters, and make the model easier to under-

stand.[33,34] Figure 8 shows the key variables according
to theVIP analyses for determining the complex bite an-
gles (top) and then : iso ratios (bottom). In the case of the
bite angles, the Randić index,[35] the molecular surface
area, the Wiener index[36] and the Kier shape index[37]

are the most influential parameters. This is not so sur-
prising, as these are all indeed topological parameters.
Conversely, in the case of the n : iso ratios, the two
most significant parameters are electrostatic: Zefirov+s
empirical atomic partial charges for the O and H
atom, respectively.[38,39] This may reflect the participa-
tion of specific oxygen atoms in the competition be-
tween two chemical pathways to form the n and the iso
aldehydes, respectively. Although in this case the exper-
imental dataset of 39 reactions is too small for drawing

Table 1. Partial representation of the Rh-catalysed 1-octene hydroformylation dataset.

Entry Reaction conditions[a] Figure of merit

Catalyst T [8C] Time [h] Catalyst precursor Ligand :Rh ratio Octene :Rh ratio PH¼PCO [bar] n : iso product ratio

1 44 34 18 Rh(acac)(CO)2 1.00 645 3 2.10
2 45 60 18 Rh(acac)(CO)2 5.00 637 10 14.60
3 46 60 18 Rh(acac)(CO)2 5.00 637 10 51.50
4 47 60 18 Rh(acac)(CO)2 5.00 637 10 69.40
5 48 85 18 RhH 1.00 150 0.5 1.04
6 49 60 18 Rh(cod)BF4 1.20 400 50 1.87
7 50 80 1.5 Rh(acac)(CO)2 6.00 2500 10 7.70
8 51 80 n/a Rh(acac)(CO)2 5.00 637 10 11.50
9 52 80 n/a Rh(acac)(CO)2 5.00 637 10 32.33
10 53 80 n/a Rh(acac)(CO)2 5.00 637 10 99.00

[a] Benzene is the solvent for entry 1; toluene for entries 2–10.
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specific mechanistic conclusions, it can give us some in-
sight with regard to the parameters involved in the reac-
tion mechanism. With larger datasets, more accurate
mechanistic information can be inferred.[13]

Limitations and Future Prospects

If a direct relationship is found between the catalysts
(space A), the molecular descriptors (space B), and
the figures of merit (spaceC), then in principle it should
be possible to Bbacktrack+ from spaceC toA. Thus, if one
knows the structure of a Bgood catalyst+ (i.e., knows the
corresponding positions in spaces B and C), it would
be possible to select structures in space A that corre-
spond to these points. It may well be, however, that

the corresponding catalyst structures would be differ-
ent, aqua bonding and functional groups, from the orig-
inal structure. Since patents in catalysis relate mainly to
structures, and not tomolecular descriptors or figures of
merit (it would be difficult to claim all “good catalysts”),
this may lead to changes in intellectual property defini-
tions, as far as homogeneous catalysis is concerned.
Backtracking from space B toA is not trivial, however,
and furtherwork is needed to realise the potential of this
concept. We plan using global optimisation methods
such as genetic algorithms,[40] simulated annealing and
tabu search[41] methods to connect the desired regions
in space C to the corresponding regions in spaces A
andB. Furtherwork is in progress to realise the potential
of this concept.

Conclusions

Assembling large homogeneous catalyst libraries in sil-
ico from a small number of simple building blocks is pos-
sible.Molecular descriptors may then be combined with
statistical tools for extracting meaningful structure/ac-
tivity and structure/property trends from these libraries.
We believe that coupling in silico screening to high-
throughput experimentation workflows may enable
the study of large catalyst spaces in the future. We em-
phasise that this approach does not negate or replace
Bchemical intuition+ or mechanistic research. Rather, it
is a tool that can help catalysis chemists pinpoint good
regions in the catalyst space. Further work, namely im-
plementing combined computational/experimental
workflows, examining the issues of catalyst diversity
and optimal subset selection, and, most importantly,

Figure 5. Predicted vs. calculated values of n : iso product ra-
tios for 1-octene hydroformylation.

Figure 6. Histogram of the resulting 600 n : iso product ratios
for 1-octene hydroformylation.

Figure 7. Four catalyst structures generated by the model,
with predicted n : iso ratios >85 (P atoms shown in magenta
and F atoms in yellow).
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synthesising the new catalysts, will be the subject of fu-
ture research in our laboratory.

Computational Methods
String generation, assembly routines and matrix analysis were
coded in MATLAB,[42] generating the unoptimised catalyst

structures asBrookhavenprotein database (PDB) files.Geom-
etry optimisation was done in Hyperchem,[43] using the MMþ
force field in combination with a conjugate gradient optimisa-
tion method (Polak-Ribiere). The optimised structures were
then analysed using the Codessa software package. The entire
processwas automatedusing a combinationof batch andMAT-
LAB code. All computations were performed on a single-pro-
cessor 2.0 GHz laptop computer. To give an idea of the compu-
tational costs, the automated selection, geometry optimisation,
and analysis of the 600 Rh complex structures took 8 h.

Assembling the Virtual Library

Since the number of possible catalysts in spaceA is gigantic and
cannot be stored in a Bnormal+ manner, this space is defined in
thought only. The program chooses ligating groups L, bridging
groups B, and residue groups R, and generates sets of L1(R1)-
B(R2)-L2(R3) strings (typically 200–5000 per library) that are
then assembled and optimised. Each structure has a unique
combination of building blocks and connection points.

Example: Assembling a catalyst from Rh and blocks 6 and
14 (ligating groups), 22 (bridging group) and 33, 34 and 34 (res-
idue groups). The algorithm chooses at random the connection
points for each building block, depending on the molecule (for
example, for pyridine the possibilities are 2, 3, and 4). Two con-
nection points are selected for each ligating group, to connect
the bridge and the residue group. Three points are selected
for the bridging group, to connect the two ligating groups and
one residue group. The program connects the building blocks
with very long (~20 N) bonds to avoid bond entanglement
(see Figure 9, left). The geometries of these structures are sub-
sequently optimised (Figure 9, right). QSAR parameters are
then calculated for each optimised structure, and parameters
with null or near-null values are deleted from the dataset.

Regression Analysis

With regression one aims to find the relationship y¼Xbþebe-
tween the regressors (X) (in this case space B, the QSAR
parameters) and the dependent variable (y) (in this case space
C, the bite angles and the n : iso product ratios). The vector b
contains the regression coefficients and e the residuals. Here
we used partial least squares (PLS) regression. In PLS, the
datamatrixX is replaced by factors (latent variables) extracted
from the X’yy’X matrix. These factors are predictive of y, and
also utilizeX efficiently. The correct number of latent variables
is unknown a priori andmust be determined by (cross)-validat-
ing the model. Too many latent variables will lead to overfit-
ting, while too few latent variables will result in poor model
performance, because not all characteristics of the data are tak-
en into account.
The complete dataset of 600 catalysts was divided into a

training set of (500 structures) and a test set of (100 structures).
All structures were randomly divided over both sets. The train-
ing set was used for constructing and validating themodel. The
test setwas used for assessing the final predictive abilities of the
model (this testing is meaningful only with structures which
have not been used for constructing the model). The number
of latent variables is determinedby leave-one-out cross-valida-
tion. In this procedure, for a limited number of latent variables

Figure 8. Variable importance (VIP) analysis of the QSAR
parameters calculated for 500 ligand-Rh complex bite angles;
parameters with VIP>8 are considered as influential on the
model (top). QSAR parameters ranked according to VIP
analysis for the n : iso product ratio example (bottom).
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(e.g., 1 to 10) each of the 500 structures in the training set is left
out once and predicted with a model based on the other 499
structures. The number of latent variables in the model with
the lowest average cross validation error is chosen.[44]

Variable Importance Analysis

Variable importance is a tool to examine the relative impor-
tance of each predictor variable in a regression model.[14] The
influence is calculated as the variable importance parameter
(VIP), calculated using Eq. (2) for a parameter k:

ð2Þ

In this equation, bak is the regression weight for variable k and
factor a, SSQa is the percentage variance captured by latent
variable a, n is the total number of variables and lv is the num-
ber of latent variables used in the regression model. The VIP
magnitude depends on the number of latent variables, so that
the absolute VIP values are less meaningful than the relative
values in a given dataset.
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