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Abstract: A new approach to the selection of Heck
cross-coupling catalysts and reaction conditions is
presented, based on a quantitative structure-activity
relationship (QSAR) descriptor set that is coupled
to linear and non-linear analysis models. A set of ster-
ic and electronic descriptors is defined and calculated.
The correlations between ligands, substrates, catalyst
precursors and reaction conditions in a dataset of
412 Heck reactions are then analyzed using artificial
neural networks, classification tree methods, and line-
ar models. The regression and classification models
are powerful, with prediction confidence levels as
high as 93%. These models are then used to predict

the performance (turnover numbers and turnover fre-
quencies) of 60,000 combinations of virtual catalysts
and reaction conditions in silico. Furthermore, the
models are used to pinpoint mechanistic effects, in
this case the important role that small palladium clus-
ters play in Heck cross-coupling. The pros and cons of
linear and non-linear models and the application of
this approach to the selection of new experiments in
high-throughput systems are discussed.

Keywords: artificial neural networks; classification
trees; combicat; combinatorial catalysis; Heck reac-
tion; virtual library

Introduction

The end of the 20th century has witnessed a radical
change in the value of the basic scientific unit operation
– the laboratory experiment. High-throughput experi-
mentation (HTE) and combinatorial chemistry tools
have climbedover the science barrier andbecomeanen-
abling technology.[1,2] Robotic systems can now perform
thousands of experiments per day, yielding mind-
boggling amounts of experimental results. This fast tech-
nological change has also important psychological con-
sequences that must be realized if catalysis chemists
are to make the most of these new tools. That is, these
toolsmust be complemented by newmodes of operation
and, most importantly, new modes of thinking.
In contrast to classical researchmethods, where scien-

tists decide which experiments to perform based solely
on knowledge and Gchemical intuition�, HTE techniques
enable a search of the catalyst space in a fast and exhaus-
tive manner, but there are two problems: first, the total
reaction space is much too large to be fully explored,
even with robotic systems, so a choice must be made as
to which areas to search.[3,4] Second, today�s chemists
must face an overwhelming quantity of data, but much

of it is perforce Gundesired data�, that must be sifted
out.[5] This requires both data mining techniques able
to extract knowledge from large datasets, and algo-
rithms for optimizing catalysts and process conditions.
One possible approach to minimize the number of

samples to be tested while maximizing the chance of
finding a Ggood catalyst�, is to use quantitative struc-
ture-activity relationship (QSAR) methods to correlate
the input (reaction conditions) and the output data (fig-
ures of merit). The model generated can then be used to
screen virtual libraries of catalysts in order to select op-
timized combinations for future experiments.[6–8]

Recently, we examined the application of the QSAR
approach to a set of literature data of Heck cross-cou-
pling reactions.[9] Although the reaction mechanism is
reasonably well understood, the complexity of the data
and the predominance of non-linear effects precluded
a full analysis with classical linear methods. Neverthe-
less, we demonstrated that useful knowledge can be ex-
tracted regarding the activity of ligands and solvents.
In this paper, we tackle the problem from a different

angle, using non-linear modeling tools.We show that ar-
tificial neural networks (ANNs)[10] and classification
trees can give very good predictions of the complex da-
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taset. Using these tools, we demonstrate how preselec-
tion of catalysts and reaction conditions can be per-
formed from very large libraries. Furthermore, we
show that this approach can help pinpoint mechanistic
effects by statistical isolation of the key reaction descrip-
tors.

Results

Dataset Construction and Descriptor Selection

A fundamental requirement for meaningful analysis is
to have a good dataset. Ideally, comparison should be
made between reactions that were performed simulta-
neously under fully controlled conditions at one loca-
tion. In practice, such sets are very hard to come by.
Here we collected literature data that was in a second
step augmented by adding virtual experiments and com-
pounds. Although this set is imperfect, it has two advan-
tages. First, it is accessible (and publishable). Second,
the results can lead us to general conclusions on the re-
action as the data are collected from different research
groups.Wecompiled experimental data for 412Heck re-
actions performed using different reagents, solvents and
ligands (Scheme 1).[11–23] The data were arranged in a
412�76 matrix, where each row corresponds to a reac-
tion, the first 74 columns correspond to descriptors,
and the last two columns contain the figures of merit,
turnover number (TON) and turnover frequency
(TOF).
To build a predictive model we need to capture the

catalyst patterns of the experiments into numerical
data. This transformation involves the selection of steric
and electronic descriptors to characterize all the chemi-
cal species involved. In other terms, the descriptors de-
fine the dimensionality of the space that encompasses
all of the 412 Heck reactions analyzed.
The descriptors must fulfill several requirements:

They should be simple and fast to calculate, they should
capture the structural and electronic variations respon-

sible for catalytic activity, and, finally, they should be
chemically meaningful. To be able to employ the same
set of stereoelectronic descriptors for all the compounds
that bind to themetal atomduring the catalytic cycle, we
considered all reagents, ligands and solvents as Gligands�
with respect to the metal atom. Among the steric de-
scriptors we calculated are Tolman�s cone angle (V)[24]

and the solid angle (W).[25,26] The electronic descriptors
included the charge at the ligating atoms, HOMO and
LUMO energies, Hammett parameters[27] (for ortho
and para substituents on phenyl rings) and dipole mo-
ments.Weused 17 descriptors for the aromatic substrate
(R1), 14 for the alkene substrate (R2), 15 for the ligand,
24 for the solvent, and four additional variables for the
temperature, time of reaction, Pd loading, and precur-
sor/Pd ratio. The metal precursors were coded as nomi-
nal variables (i.e., variables with a limited range of text
values) with 5 modalities {none; Pd(OAc)2; Pd2(dba)3;
CpPd(allyl); Pd(dba)2}. A complete list of the descrip-
tors is given in the Supporting Information.
The choice of figure of merit depends on the applica-

tion. Generally, a Ggood� catalyst is active, selective, and
stable. We used turnover number (TON) and turnover
frequency (TOF). These are good indicators of activity
and stability, and can be compared across the board as
they are calculated per unit catalyst (TON) and per
unit time (TOF). The TON and TOF values of the reac-
tion dataset, however, are not normally distributed, and
data dispersion is too high to enable good modeling. To
obtain more normal distributions for the regression
analysis we used log(TON) and log(TOF). For classifi-
cation, the valueswere divided into “positive” and “neg-
ative” cases, with threshold values of 100 for TON and
10 for TOF (see Figure 1). These thresholds were set a
priori, as a rough starting point.
To reduce the rank of the problem, we used a two-step

process: a relief algorithm[28,29] followed by principal
components analysis (PCA). This eliminates descriptors
that have low or no correlation with the figures of merit,
and discards duplicates (descriptors that are highly cor-
related with each other). The model becomes robuster
and simpler, and the chances of overlearning are re-
duced. The results were then visualized and a number
of uncorrelated descriptors were chosen. Figure 2 shows
the correlationbetween the liganddescriptors. In this ra-
dial plot, dots that are close together are correlated. For
example, the q1 and q2 charge descriptors are strongly
correlated, while HOMO is not correlated to Socc.

Regression Analysis

We generated several ANNs with different topologies,
and selected two that performed well in predicting the
TON and TOF figures of merit (Figures 3A and 3B, re-
spectively). The TONnetwork had 11 and 3 nodes in the
first and second hidden layers. The TOF network had 15

Scheme 1. The general Heck reaction described by the data-
set. Ligands used are monophosphines and monophosphites;
solvents are DMF, THF, DMA, dioxane, Et3N, PhMe, NMP,
MeCN, EtCN, PrCN, HMPT, and 1,2-DCE.
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and 10 nodes in the first and second hidden layers, re-
spectively. In both cases, the residuals are scattered
(see insets), and the errors in the training set (G*� sym-
bols) are comparable to those of the test set (G*� sym-
bols). This shows that there is no overlearning, and the
model is sufficiently robust to predict the output of
new independent experiments in the reaction space.
The linear regression model, which uses only 21 coef-

ficients (one for eachdescriptor and one for eachmodal-
ity for the metal precursor) also fits to the TON data
(Figure 3C). Here, however, the residuals are structured
indicating that the model does not account for high-or-
der effects in some of the experiments (cf. inset of 3C
with those of 3A and 3B). In this respect, the non-linear
models are superior. The advantage of the linear model
is that it is transparent: you can examine the trends be-
tween the descriptors and the TON data by comparing
the regression coefficients. Figure 4 shows that only sev-
en of the 21 coefficients are statistically significant, with

Pd loading being by far the most significant. The regres-
sion coefficient for Pd loading is negative – i.e., the less
Pd, the better.[30]

Classification

In classification analysis the variable selection proce-
dure is the same as in regression, but here the reactions
are categorized into Gpositive� and Gnegative� cases ac-
cording to their catalytic performance (positive cases
display TON>100 and/or TOF>10, respectively).
Here we used ANNs, linear discriminant analysis

Figure 1. Logarithmic distribution of reactions for figures of
merit TON (A) and TOF (B). The log transformation gives
a normal distribution of the cases and is a part of the data
pretreatment for the regression analysis. Discretization of
samples for classification analysis into positive and negative
cases is indicated by arrows. The negative/positive thresholds
are TON¼100 and TOF¼10, respectively.

Figure 2. Correlation structures obtained by principal compo-
nent analysis of steric and electronic ligand descriptors. The
figures display the degree of correlation between the descrip-
tors in the first four principal components. The cumulative
variation explained by these four PCs is 89%.
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(LDA) and tree classification methods to model the
data.
Figures 5 and 6 show the classification tree structures

obtained for prediction of TON and TOF, respectively.
The tree structure obtained for classification of experi-
ments according to TON values (Figure 5) has one sin-
gle split condition which corresponds to a palladium
loading threshold of 0.75%. In the whole dataset, there
are 104 experiments that fulfill this condition, and 92 of
them are positive. On the other hand, 308 experiments
have higher Pd loading, and 307 of these are negative.
Pd loading can thus be used to distinguish between pos-
itive andnegative cases. The treemodel classifies 104 ex-
periments as positivewith 12 false positives, a prediction
rate 92/104 (88%). Those values are reported in the con-
fusion matrix (Table 1).
The tree structure obtained for TOF classification

(Figure 6) is more complex. It indicates that the time,
the palladium loading, and two ligand descriptors (the
LUMO energy and the distance between the metal
atom and the bulk of the ligand, Rmax) are the key de-
scriptors in this case. For example, for Pd loading<
0.3% and LUMO>0.39 eV there are 73 positive cases,
of which only 3 are false positives. On the opposite
branch, when Pd loading is between 0.3% and 2.15%
and the reaction time is<3.5 h, there are 26 positive cas-
es correctly assigned out of the 27 experiments. All the
terminal node numbers are summed and reported in
the confusion matrix (Table 1). In total, 102 catalysts
are correctly predicted as positive and 295 as negative,
with only 7 and 8 cases misclassified as false-positives
and false-negatives, respectively. The global prediction
rate for positive experiments is 93%.[31]

Figure 3. Predicted vs. observed TON (A) and TOF (B) val-
ues obtained by NN regression analysis. The inset shows the
residuals for each model. Training and test cases are repre-
sented by G*� and G*� symbols, respectively. Graph C shows
the predicted vs. observed TON values obtained by multiple
linear regression analysis. Note that A and B show scattered
residuals, while C shows structured residuals. This indicates
that the linear regression model does not account for high-or-
der effects in some of the reactions.

Figure 4. Variable importance (VIP) bar graph obtained by
multiple linear regression analysis in the prediction of TON
values. Variables above the threshold (red dashed line) are
statistically significant. In this case the Pd loading is by far
the most significant descriptor.
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Wethen compared the tree resultswith those obtained
from LDA and ANN models. In contrast to the tree
method, LDA and ANN are Gblack boxes�, i.e., they
give a final result, but it is difficult to see how the result

was obtained. Comparing the values in Table 1, we see
that all three methods have similar prediction rates for
both TON and TOF. The number of misclassifications
in the case of TOF is higher than in the case of TON
also using LDA and ANN, in agreement with the more
complex tree structure. In each case, themodels� robust-
ness was checked using independent tests.
Avariable importance analysis of the descriptors used

in tree and theLDAmodels showed, once again, that the
Pd loading is the most relevant descriptor for both TON
and TOF. The time, the metal precursor and various li-
gand parameters also have a significant effect (Fig-
ure 7).

Screening 60,000 Heck Reactions using a Virtual
Combinatorial Library

The real power of the ANN regression models lies in
their ability to quantitatively predict the figures ofmerit
for virtual libraries. Instead of synthesizing and testing
huge numbers of ligands and/or reaction conditions,
we can preselect in silico likely candidates by generating
combinations of catalysts and reaction conditions and
using an ANN to predict the TONs and TOFs. First,
we designed 61 new monophosphine ligands by using
several building blocks available from commercial cata-
logues.[6] It is important to verify that the descriptor val-
ues for the new (virtual) ligands fall within the range of
values covered by the original data that was used to train
the network. To do this, we performed a PCA on the li-
gand descriptors and compared the scores for the real
and the virtual ligands. The results show that the virtual
ligands are within the scope of descriptor values of the
real ligands (see Figure 8A, inset). We then compiled a
virtual library of 60,000 Heck reactions, containing all
possible combinations of these 61 ligands with 4 olefins,
4 aryl halides, 5 catalyst precursors, 4 solvents, and 3 pal-
ladium concentrations. The substrates and reaction con-
ditions were chosen from the original matrix shown
above.[32]

Figure 8A shows the distribution of the virtual library
(red dots) compared to the original 412 reactions (blue
dots) in the overall reaction parameter space. The
60,000 new combinations are clustered in two clouds, en-
abling us to sample many points around the original ex-

Figure 5. Classification tree structure for TON values. The
black and white bars represent positive and negative experi-
ments, respectively. Starting from 93 positive and 319 nega-
tive experiments (the threshold is TON¼100) the first
node (also called the parental node) is divided into two child
nodes according to the most relevant splitting condition (in
this case, a Pd loading<0.75%).

Table 1. Confusion matrix results for classification analyses
of TON and TOF values.

Tree LDA ANN

true false true false true false

TON positive 92 12 92 13 89 6
negative 307 1 306 1 313 4

TOF positive 102 7 92 17 91 29
negative 295 8 285 18 273 19

Figure 6. Classification tree structure for TOF values. The
first splitting condition is the reaction time, followed by the
Pd loading, and the ligand�s LUMO energy and Rmax (the dis-
tance between the bulk of the ligand and the metal center).
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periments. The sampling of the reaction space is en-
larged,while remaining in the same region. The distribu-
tion of the TONs in the virtual library is shown in Figur-
e 8B. 4% of the combinations are predicted to have
TON>10,000.
Using these data, it is also possible to visualize directly

the relationship between the descriptors and the figure
of merit. This is very important in high-throughput ex-
perimentation, where the limiting factor is often the
choice of reactions to be studied in the next generation,
rather than the actual duration of the experiments. Fig-
ure 9 shows a contour plot of the predicted TON for the
60,000 reactions in the virtual library vs. the two first
principal components (the first correlated mainly with
the Pd loading and the R2 electronic descriptors and
the second with the ligand�s electronic descriptors). In
this way, a simple and fast selection of the most promis-
ing trends in catalysts and reaction conditions can be
made.

Discussion

Linear vs. Non-Linear models – Which is Better?

TheHeck reaction, likemanyother catalytic andnatural
systems, shows a complex non-linear behavior. ANNs
describe this type of data better than simple linear re-
gression models. However, this description comes with
a heavy price tag: the networks are opaque, and it is dif-
ficult to perceive any trends in the underlying chemistry.
Linear regression, on the other hand, is transparent, en-
abling the chemist to compare themodel to chemical in-
tuition. In this specific example, because of the primary
importance of the Pd loading, the simple linear model is
not too bad. However, we expect that in cases where
non-linear effects predominate (as in many chemical
systems), the prediction ability of the linear models
would deteriorate. This is especially true if one studies
the reaction system as a whole, rather than isolated ef-
fects.

Figure 7. Variable importance (VIP) bar graphs obtained by induction tree methods and linear discriminant analysis (LDA).
For the prediction of TON values, the Pd loading is the most significant descriptor while for the prediction of TOF, time and
ligand electronic descriptors are also significantly involved in the model.
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Both types of analysis methods are affected by the
quality of the dataset. We used literature data, obtained
in different laboratories in the past 20 years. One cannot
expect that all 412 reactions were performed under con-
trolled conditions. The advantage of these data, howev-
er, is that they are in the public domain.[33] Evenwith this
incomplete and noisy dataset, the non-linear models
(both ANNs and classification trees) perform well.
The quality of prediction in both cases is>90%, which
makes this approach a viable option for optimizing cat-
alytic reactions.

From Statistical Results to Mechanistic Conclusions

Our results show that Pd loading is the most significant
descriptor in determining catalytic TON and TOF. Con-
sidering the diversity of the data set, this is a statistically
significant and general result, and the negative correla-
tion suggests that something is fishy. There are two pos-
sible explanations, and both are to dowith the formation
of palladium clusters. As shown by de Vries,[34] Reetz,[35]

and us,[36] nanometric Pd clusters are good catalysts for
many C�C coupling reactions, including the Heck reac-
tion. We maintain that every Heck reaction that is cata-
lyzed by Ghomogeneous Pd complexes� also involves Pd
clusters. In most cases, the reaction stops after the cata-
lyst deactivates as micrometric Pd black, which means
that Pd clusters must form somewhere during the deac-
tivation process. These clusters can enter the catalytic
cycle, either as catalysts or as Greservoirs� formonoatom-
ic palladium.[37] If clusters are involved, one would in-
deed expect an inverse relationship between Pd concen-
tration and TON, for example, because a high concen-
tration of clusters would lead to faster deactivation via
Pd black.

Applying Virtual Screening to High-Throughput
Experimentation

The above methods can be used to complement high-
throughput experimentation (HTE) workflows in catal-
ysis research. In the 1990s, the limiting factor was the

Figure 8. Principal component analysis (A) of virtual (red)
and real (blue) catalytic Heck reactions (all reaction descrip-
tors have been included). This plot reveals the portion of the
space that is explored using the virtual catalysts. The inset
shows the PCA of virtual (red) and real (blue) ligands. Com-
pounds are plotted against the first two principal components
calculated for the ligand descriptors. This validation is per-
formed to ensure that descriptors of the learning and predic-
tion sets lie in the same ranges. This condition allows intrapo-
lation, thus a correct prediction on the virtual catalysts.
Graph B shows the TON predicted values for the virtual
catalysts (note the similarity between this distribution and
Figure 1A).

Figure 9. Predicted TON values for 60,000 virtual cross-cou-
pling reactions are plotted versus the first two PCs calculated
for all the reaction descriptors. The first PC is correlated
mainly with the Pd loading and the electronic descriptors of
the organic residue on the alkene, R2, while the second rep-
resents mainly the ligand�s electronic descriptors.

FULL PAPERS Enrico Burello et al.

1850 H 2004 WILEY-VCH Verlag GmbH&Co. KGaA, Weinheim asc.wiley-vch.de Adv. Synth. Catal. 2004, 346, 1844–1853



number of experiments that could be performed in the
lab. Today, automated reaction set-ups are common lab-
oratory tools. Chemists can now perform more experi-
ments, but they cannot test all of the possible combina-
tions, and even examining yesterday�s output becomes
a problem if a robot performs 1000 reactions a day.
The bottleneck is now designing the next generation of
experiments. Combining virtual libraries, selection algo-
rithms, and HTE systems can solve this problem.
All the possible catalysts and conditions for a specific

reaction (solvent, temperature, substrate type and con-
centration, etc.) form together amultidimensional virtu-
al space.Most of the points in this space pertain to “bad”
combinations, so a random choice process is unlikely to
hit a “good” spot. Instead, by using the virtual library
concept outlined above, combinedwith a selection algo-
rithm, it is possible to concentrate on those regions of
the space where “good” catalysts and reaction condi-
tions are likely to be found. For example, classification
can function as a coarse filter, to discriminate between
“good” and “bad” experimental candidates.

Conclusions

In this study we have shown how to model and predict
reaction data with a combination of regression and clas-
sification statisticalmethods.Due to the complex nature
of the cross-coupling reaction under study, we found out
that non-linear methods, namely neural networks and
classification trees, perform better than simple linear re-
gression techniques in modeling and predicting the cat-
alytic activity. These results can be easily generalized to
other homogeneously catalyzed reactions. Once a re-
gression or a classification model is built, the perform-
ance of virtual catalysts can be predicted. In this way,
one can decide which regions of the catalyst space are
worth to be sampled experimentally. The power of this
approach lies in the possibility of driving the future ex-
periments by screening in silico thousands of virtual cat-
alysts in search for the optimal combinations, discarding
those which are predicted to perform poorly, and thus
saving time and materials. Combining this approach
with state-of-the-art HTE and combinatorial chemistry
tools will lead chemists to new and powerful homogene-
ous catalysts.

Experimental Section – Computational
Methods
Geometries of molecules were first subjected to a fast minimi-
zation using theMMFF94molecular mechanics force field and
then further optimized using the PM3 semi-empirical method
within the Spartan program package.[38] The minimized struc-
tures were then used for the calculation of all the descriptors.
The Steric program[39] was employed to calculate the solid an-
gle of all compounds (ligands, reagents and solvent molecules)

attached to the metal center as well as its related properties.
Hammett parameters were used to characterize the electronic
effect of para and ortho substituents on the phenyl rings. Addi-
tional empirical and theoretical scales were used to character-
ize solvent activities. A complete list of the descriptors is in-
cluded in the Supporting Information. ThePCAandPLS treat-
ment of this dataset is described in detail in our previous pa-
per.[9]

Regression Analysis

Two different regression methods were used in this study: arti-
ficial neural networks (ANN) and multiple linear regression
analyses.[7] ANNs attempt to mimic the fault-tolerance and ca-
pacity to learn of biological neural systems by modeling the
low-level structure of the brain. To capture the essence of bio-
logical neural systems, an artificial neuron receives anumberof
inputs, either from original data or from the output of other
neurons in the network.

A single artificial neuron can be implemented in many dif-
ferent ways. The general mathematic definition is showed in
Eq (2):

ð2Þ

where x is a neuronwithn input dendrites (x0 ... xn) andone out-
put axon y(x) and where w0 ... wn are weights that determine
how much the inputs should be weighted. G is an activation
function (i.e., a sigmoid or a hyperbolic tangent), based on
the sumof the n inputs, which weights how powerful the output
should be from the neuron.

ANNs have two different phases: a training phase and an ex-
ecution phase. In the training phase the ANN is trained to re-
turn a specific output when given a specific input (variables de-
scribing the system under study). In the execution phase the
ANN is fed with new cases (in this study, the virtual catalysts)
and returns an output (prediction) on the basis of the network
generated in the previous phase. The training process can be
seen as an optimization problem, where we wish to minimize
the mean square error of the entire set of training data.

In this study, we used the multilayer perception (MLP) top-
ology; neurons are grouped into one or two hidden layers so
that each input of a neuron is composed of the outputs of the
neurons of the previous layer. The network was trained using
the back propagation principles with the conjugated gradient
descent, as implemented in the StatisticaTM software package.

When an ANN is used for regression analysis, confidence
levels determine how the neural network is able to predict a
quantitative value of performance (output value) for each in-
put case. The efficiency of the network is evaluated by means
of the standard deviation ratio, which is the ratio of the predic-
tion error standard deviation to the original output data stand-
ard deviation. The lower the ratio, the better is the prediction.
The error is evaluated by the root mean square of the network
errors on individual cases. The individual errors are generated
by the network error function, which is a function of the ob-
served and expected output neuron activation levels (sum-
squared). To prevent overfitting, the dataset used for the learn-
ing stagewas split into two groups, namely the training and ver-
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ification datasets, that correspond to 50% and 25% of the
whole dataset, respectively. The model assessment was per-
formed on the remaining 25% test data.

Multiple linear regression analysis fits a response variable y
as a linear combinationofmultiple x variables by themethodof
least squares. The goal of this procedure is to fit a straight line
through the points in a multivariable space. Specifically, the
program will compute a line so that the squared deviations of
the observed points from that line are minimized. In general,
multiple regression procedures will estimate a linear equation
of the form

ð3Þ

where bi are the regression coefficients and represent the inde-
pendent contributions of each independent variable to the pre-
diction of the dependent variable. Another way to express this
fact is to say that, for example, variable xi is correlated with the
y variable, after controlling for all other independent variables.
This type of correlation is also referred to as a partial correla-
tion.

Classification Methods

Three different classification methods were used: artificial
neural networks (ANN), linear discriminant analyses and in-
duction tree according to the C&RTalgorithm.[10]

When an ANN is used for classification, confidence levels
determine how the neural network assigns the input cases to
the classes. In the case of two-class classification (positive/neg-
ative), the output class is indicated by default by a single output
neuron, with high output (e.g., 1) corresponding to one class
and low output (e.g., 0) to the other. In the present work, the
“accept” and “reject” thresholds were set as equal, forcing all
cases to be classified either as “positives” or as “negatives”.

A linear discriminant analysis (LDA) produces a set of coef-
ficients defining the single linear combination of descriptors
that best differentiates negative (low TON or TOF) from pos-
itive (highTONorTOF) cases.A score for each experiment on
the linear discriminant function is computed as a composite of
each experiment on the discriminant descriptor, weighted by
the respective discriminant function coefficients. The predict-
ed classificationof each experiment as “negative” or “positive”
is made by simultaneously considering the experiment scores
on the discriminant variables. If the decision equation (e.g.,
of the form aAþbBþcC�d) is less than or equal to the nega-
tive/positive threshold, the case is considered “negative”, else
it is “positive”.[40] Multivariate F-tests were employed in order
to determine whether there are any significant differences
(with regard to all variables) between groups. A cross-valida-
tion procedure was used to warn against overlearning.

Classification trees are used to predict responses on a cate-
gorical dependent variable by identifying discriminant sets of
variables. In contrast to the “black-box” ANN, the output of
classification tree analysis provides a clear scheme on themod-
el and cases assignation via sets of if-then logical conditions
(splits). These splits are selected one at time, starting with
the split at the root node, and continuing with splits of resulting
child nodes until the splitting stops. The child nodes that have
not been split become terminal nodes.Weused theC&RTalgo-
rithm as implemented in Statistica software for an exhaustive

search of univariate splits which allows operating for categori-
cal or ordered predictor variables. All possible splits for each
predictor variable at each node are examined to find the split
producing the largest improvement in goodness of fit (using
the Gini measure). When univariate splits are performed, the
predictor variables can be ranked on a 0–100 scale in terms
of their potential importance in accounting for responses on
the dependent variable.

The results for all classification analysis can be expressed in
a 2�2 contingency table (also called a confusionmatrix)where
counts of positive classification and misclassification are re-
ported. The loss coefficient gives the relative “cost” of the
two possible misclassifications (false-positive versus false-neg-
ative).A loss coefficient of 1.0 indicates that the two classes are
equally important whereas a loss coefficient above 1.0 indi-
cates that it is relatively more important to correctly recognize
true positive cases, even at the expense of misclassifying more
false negative cases. In all studies we used a loss coefficient of
1.0 in order to have a fair model comparison.

Supporting Information Available

Complete list of the descriptors used in the data analysis and
structures of the building blocks used to construct the 61mono-
phosphine ligands for the virtual library.
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