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Changing the coordinated ligands is a powerful and synthetically convenient way of modifying and fine-
tuning the properties of transition metal complexes, especially those active in homogeneous catalysis.
Parameters capturing such changes in the steric and electronic characteristics of complexes have played
a key role in improving our understanding of ligand effects on the kinetic, thermodynamic, spectroscopic
and structural behaviour of such species. Such ligand parameters can be useful for interpreting experi-
igand effects
tereoelectronic maps
omputational chemistry
tructure–activity relationships
hosphorus(III) donor ligands
ata analysis

ments, but they can also guide the discovery of novel ligands from ligand maps and allow the prediction of
ligand effects before further experimentation. The latter aims especially are best served if such parameters
can be determined before ligands and complexes have been synthesised, and here we review calculated
descriptors for phosphorus(III) ligands as widely used in organometallic and coordination chemistry. We
also discuss the application of such ligand descriptors in models, maps and predictions of ligand effects,
describe related computational studies of the metal–phosphorus bond, and provide an overview of the

statistical methods used.
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. Introduction
The development, discovery and optimisation of catalytically
ctive transition metal complexes continue to attract considerable
esearch interest; amongst other things, this is often driven by
he benefits of achieving efficient and highly selective transforma-
ions in synthetic organic chemistry. Finding the best homogeneous
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rganometallic catalyst for a given transformation is a difficult
ask, as a range of input variables (metal, ligands, co-catalysts,
ubstrates, solvents and reaction conditions including temperature
nd pressure) need to be optimised. In addition, many reactions in
omogeneous catalysis involve a sequence of steps, each of which
ay be affected in different ways by changing these variables. Per-

aps not surprisingly, the “rational design” of new catalysts has
arely been successful and this concept has indeed been criticised
ecently [1,2]. Instead, the development of new catalysts contin-
es to rely on a combination of chemical intuition and the testing
nd optimisation of a range of likely candidates. While we thus
arely achieve a truly quantitative appreciation of the effect of
hanging input variables on the outcome of a reaction (such as
ctivity, chemo-, regio- and enantioselectivity, turnover number
nd frequency), detailed analysis of experimental results in terms
f familiar concepts such as steric and electronic effects can often
rovide useful insights, in turn guiding further experiments and

ndeed focussing experimental efforts on the most likely targets.
Changing the ligands coordinated to the metal centre can be a

seful way of modifying the properties of transition metal com-
lexes, and such modifications have been studied extensively (see
or example Refs. [2–10]). In addition, a range of experimental
nd calculated parameters have been proposed which seek to cap-
ure the steric and electronic properties of common ligand types
nd hence determine their impact on experimental observations
nd, more specifically, catalyst properties. Ligands are indeed often
he main target in catalyst optimisation, because such property
escriptors can be used to guide modifications more efficiently.
or these ligands, previous analyses of experimental results have
stablished a context of knowledge in which predictions based on
hese descriptors can be attempted and tested. The interpretation
f ligand effects on experimental observables can also help us to
dentify key properties contributing to a desired result and hence
ead to better design criteria. While such models and predictions
re currently unlikely to identify a single optimal ligand design for
ach and every problem, fast calculations allow their application to
uide experimental screening towards achieving the most efficient
xploration of active ligand space.

Perhaps the most well-established and varied class of ligands
re those with phosphorus(III) donor atoms of general structure
A3, where different substituents can be introduced to modify
heir steric and electronic properties (A = R, Ar, OR, NR2, Hal), with
urther fine-tuning achieved in asymmetric substitution patterns,
A2A′, PAA′A′′. For this class of ligands the analysis of ligand effects
xpressed as linear free energy relationships has a long tradition,
uilding on Tolman’s seminal work [3] and extended by the QALE
pproach [11–30] and other work [4,31–35]. However, these stud-
es rely to some extent on experimentally measured descriptors,

hich cannot necessarily be determined for all known ligands, as
here may be experimental limitations, such as solubility, bind-
ng and toxicity [36]. In addition, such ligand parameters prevent
he consideration of novel ligands, which have not yet been syn-
hesised [36]. More recent work, which will be discussed in this
eview, has capitalised on the rapid advance of both computing
ower and computational chemistry techniques to derive suitable
escriptors, allowing the theoretical evaluation of both established
nd novel ligands from parameters which can be calculated quickly
nd efficiently.

Steric and electronic parameters determined experimentally
ave been reviewed in the past, for mono- [3,4,25,26,34,37,38] and

identate [5,39] phosphorus donor ligands and other classes of lig-
nds, e.g. N-heterocyclic carbenes (NHCs) [9,10,40,41]. In contrast,
his review will focus on descriptors for monodentate, phospho-
us(III) donor ligands determined by computational means. This
ill be combined with a discussion of the statistical analysis

�

b
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echniques commonly used to relate both experimental and cal-
ulated descriptors with available data (see Refs. [42,43] for more
etailed discussions of statistical methods). Our intention is to
escribe the current state of computational ligand descriptors
or phosphorus donor ligands, to summarise computational stud-
es of metal–phosphorus bonding, and to highlight the close link
etween chemical data and statistical analysis in achieving a more
uantitative understanding of ligand effects, leading eventually to
uccessful predictions and hence the true design of new catalysts.

. Tolman’s legacy

While the analysis of substituent effects on experimental data
n terms of linear free energy relationships has a long tradition
n physical organic chemistry [44], such analyses have also been
pplied in inorganic and organometallic chemistry; work rele-
ant to P-donor ligands will be discussed throughout this review.
arly examples include analyses of P-donor ligand effects on the
ates of ligand exchange in terms of relative basicities expressed
s half-neutralisation potentials [45] or the related, unit-free pKa

alues [46,47]. Such applications of pKa data have been reviewed
xtensively (see for example Refs. [4,25,28]), but the analysis of
igand effects in organometallic complexes was influenced more
rofoundly by Tolman’s work, and despite the theoretical focus
f this review, a brief summary of the contribution made by
olman’s 1977 review [3] to the analysis of ligand effects will
e useful to establish the foundation of many experimental and
alculated ligand descriptors relevant to transition metal com-
lexes. As of February 2008 this review has been cited almost
000 times according to the ISI Web of Knowledge, accumulat-

ng around 100 citations every year at a remarkably steady rate.
s indicated by the title “Steric Effects of Phosphorus Ligands

n Organometallic Chemistry and Homogeneous Catalysis”, the
ain aim of this paper was to draw attention to the relationship

etween experimental data and ligand steric effects, countering
tradition of analysing experimental data mainly in terms of

lectronic effects [3,38]. To this end, Tolman defined two param-
ters, the steric parameter � and the electronic parameter �, and
ublished values for a range of ligands in appendices to the
eview [3].

.1. Steric parameter, �

Tolman used a mechanical device and molecular models to mea-
ure the ligand cone angle � for various symmetric ligands. The cone
ngle is defined as the apex angle of a cylindrical cone centred at a
istance of 2.28 Å from the donor atom, corresponding to an average
f a range of M–P bond lengths, and extended to touch the van der
aals radii of the outermost atoms. In the molecular models, any

ubstituents were folded back to give a minimum cone angle, which
ay not be a realistic assumption in sterically hindered systems.
owever, Tolman discussed potential limitations of this approach,
nd revised some cone angles to improve agreement with exper-
mental data. Cone angles of unsymmetrically substituted ligands

ere also defined; these used half angles �i/2 determined for each
ubstituent by measuring the angle between the P–M vector (M
ositioned at 2.28 Å from the P donor atom) and the vector from

to the outermost atom of the substituent. Tolman then assumed
hat contributions were additive to give:

3

= 2
3

∑

i=1

�i

2
(1)

Similarly, for chelating diphosphines, such a half angle �i/2 could
e determined as the angle between one M–P bond and the vector
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3. Calculated descriptors

This section will focus on individual descriptors of ligand steric
and electronic properties which have been derived from calcu-
lations and which seek to separate steric and electronic effects.
06 N. Fey et al. / Coordination Che

isecting the P–M–P angle. These cone angles have been revised
ased on crystallographic [34,37,48] and calculated [49] structures
s well as detailed analysis of experimental data [26]. In addition,
elated steric parameters such as the solid angle, which allows for
eparture from approximate threefold symmetry by calculating the
shadow” of the ligand on a hypothetical sphere [37,50,51], and lig-
nd profiles [52] have been proposed, but Tolman’s original values
ontinue to be widely used in essentially their original form.

.2. Electronic parameter, �

This parameter, often also abbreviated to TEP (for Tolman elec-
ronic parameter), was measured by infrared spectroscopy and
orresponds to the vibrational frequency of the A1 carbonyl stretch-
ng mode of [Ni(CO)3L] complexes in dichloromethane solution,

hich, according to Tolman [3], can be measured with an accu-
acy of ±0.3 cm−1 for a wide range of ligands. It captures the net
lectronic effects of the ligands investigated. Using measurements
n mixed complexes with PAB2 substituted ligands to determine
ndividual ligand contributions �i, and considering substituent con-
ributions as additive, the TEP could be estimated as

= 2056.1 +
3∑

i=1

�i (2)

or additional ligands not probed experimentally. Although this
ssumption of additivity has been criticised [4,53], net ligand
lectronic effects continue to be evaluated based on vibrational
requencies of transition metal carbonyl complexes such as � (see
ef. [38] for a recent review and Ref. [53] for Bartik’s more exten-
ive experimental measurements on 157 ligands) or the related 13C
MR chemical shifts of the carbonyl groups, ı [34,54,55].

.3. Applications of � and �

Tolman then explored the use of these parameters in the analysis
f multiple experimental datasets, including spectroscopic, kinetic
nd thermodynamic data [3]. With a view to promoting the cone
ngle descriptor, he concentrated mainly on identifying steric con-
ributions and two examples of his graphical analyses, illustrating
hat relationships exist between NMR [56] and kinetic data [57] and
he cone angle, have been reproduced in Fig. 1.

In addition, Tolman presented a steric and electronic map of
hosphorus donor ligands by plotting � versus � (reproduced

n adapted form in Fig. 2). He also projected experimental data
s a third dimension onto this map to illustrate the contribu-
ions of steric and electronic effects in different experimental
atasets. Such three-dimensional plots are shown in Fig. 3 for

3C chemical shifts in [Ni(CO)3L] complexes [58] and in Fig. 4 for
he enthalpies of ligand exchange in a platinum complex (trans-
MePt(PMe2Ph)2(thf)]+ + L → trans-[MePt(PMe2Ph)2L]+ + thf) [59].
he related two-dimensional scatter plots highlight perhaps
ore clearly that the NMR data correlate quite highly with the

lectronic parameter derived from the same complex (Fig. 3),
hile the enthalpies are related more closely to the steric
arameter (Fig. 4).

We have discussed Tolman’s results at length here, because his
ork has had such a lasting impact on the area of quantitative

tudies of ligand effects. The cone angle and electronic param-
ter have become very common measures of ligand properties

eflected in the ever-increasing number of citations of Tolman’s
eview papers. Also, the notion of a ‘ligand map’ (Fig. 2) has become
f widespread use and is certainly a guiding principle for many
eople when considering ligand effects. Indeed, many of the newer
omputational methods described below are used (among other F
horus chemical shifts on coordination (ıcomplex − ıfree) from 31P NMR spectra of
rans-[RhCl(CO)L2] complexes, L as shown, Ref. [56], and (b) rate constants for the
eaction 2Co(DH)2L + PhCH2Br → PhCH2Co(DH)2L + BrCo(DH)2L in benzene, where
H = dimethylglyoxime or 1,2-cyclohexanedione dioxime, L as shown, Ref. [57].

pplications) to generate ligand maps very similar in concept to
hat of Tolman (Section 5.2).
ig. 2. Tolman map (adapted from Ref. [3]): scatter plot of TEP � vs. cone angle �.



N. Fey et al. / Coordination Chemistry Reviews 253 (2009) 704–722 707

F
c

A
a
a
t
c

t
f
l
r
o
q
l
t
N
w
b
i
a
t
s
c
r
a
a
(
r
i
r
s
r

F
o
[

3

h
a
i
l
a
m
c
a
f
H
r
e
l
a
r
r
c
e
l
t
e

ig. 3. Stereoelectronic map and scatter plots relating cone angle � and TEP � to 13C
hemical shifts in [Ni(CO)3L] complexes [58] (plots adapted from Ref. [3]).

pproaches aimed at providing a more detailed decomposition
nd analysis of electronic effects will be discussed in Section 4
nd databases of calculated ligand descriptors and their applica-
ion in the interpretation and prediction of ligand effects will be
onsidered in Section 5 below.

Work reporting individual calculated descriptors often seeks
o establish a relationship between this new descriptor and more
amiliar parameters, such as the cone angle �, by reporting corre-
ation and regression coefficients. These measure how well such a
elationship can be described by a simple linear equation (y = ax + b),
r indeed a more complicated, non-linear equation [42,43]. The
uality of fit to the equation is expressed by linear bivariate corre-
ation (R) and linear regression (R2) coefficients, with values close
o 0 indicating a poor fit while values close to 1 show a good fit.
ote that parameters can be inversely correlated, where a good fit
ould show values of R close to −1. For example, the relationship
etween 31P NMR data [58] and Tolman’s cone angle [3] illustrated

n Fig. 1a is described well by a linear equation, giving a high bivari-
te linear correlation coefficient R = 0.926, while cone angle and
he enthalpies of ligand exchange for a platinum complex [59],
hown in Fig. 4, are inversely correlated with R = −0.868. Correlation
oefficients only explore whether such a relationship exists, while
egression analysis also allows to derive the coefficients of vari-
bles in the underlying equation, and hence to make predictions. In
ddition, regression analysis can be performed for several variables
multivariate linear regression, see Section 5), whereas simple cor-

elation only considers the relationship between two variables. As
llustrated by Tolman and in Figs. 1, 3 and 4 above, such descriptor
elationships can also be explored and illustrated by appropriate
catter plots, which often support discussions of correlation and
egression coefficients in published work.

t
s
n
a
p

ig. 4. Stereoelectronic map and scatter plots relating cone angle � and TEP � to −�H
f the reaction trans-[MePt(PMe2Ph)2(thf)]+ + L → trans-[MePt(PMe2Ph)2L]+ + thf
59] (plots adapted from Ref. [3]).

.1. Ligand size

Computational steric parameters reported before 1993/1994
ave been covered in reviews by Brown and Lee [34] and White
nd Coville [37]. Much of this early work was directed at compar-
ng cone and/or solid angles for different conformers of individual
igands, optimised with molecular mechanics or semi-empirical
pproaches. Such work recognised that Tolman’s approach [3] of
inimising cone angles by folding all substituents inwards (dis-

ussed above) is often inappropriate when compared to calculated
nd crystallographically observed ligand geometries, especially
or sterically demanding and/or conformationally flexible ligands.
owever, reliably identifying the lowest energy conformer for each

eaction environment remains difficult to this date and implies
xtensive database mining and conformational searches for every
igand. In addition, even a cone angle determined computation-
lly or crystallographically from a low energy conformer may not
eflect the conformer of a metal–ligand complex present during its
eactions (see for example Refs. [60,61] for a recent exploration of
onformational changes in palladium catalysed cross-coupling). In
arly studies of ligand size the role of computation was generally
imited to providing ligand and transition metal complex geome-
ries for cone/solid angle measurements, along with approximate
nergetic weightings [51,62]. They focussed on ligand conforma-
ional preferences, but are not conceptually different from cone and

olid angle measurements on models or crystal structures and will
ot be discussed further. More recently, Senn and co-workers have
lso calculated cone angles from optimised geometries and com-
ared them with Tolman’s results [49]. This work formed part of an
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xploration of the properties of 8 P-donor ligands, mainly aimed at
etermining differences in the electron donation (see below).

In a series of papers Brown and co-workers developed a molecu-
ar mechanics measure of ligand steric effects, the ligand repulsive
nergy, ER [34,54,63–65]. This energy can be calculated in three
teps: (1) the global minimum energy conformer of the complex
s located in a conformational search, using a suitable force field
63], (2) the van der Waals potential function of the force field is
hen replaced by a purely repulsive form, and (3) a fixed geometry
can of Cr–L distances is performed [54]. The repulsive energy ER
s calculated from the gradient of the repulsive potential function

ith respect to the Cr–L distance, at the bond length correspond-
ng to the optimised, equilibrium Cr–L distance obtained using
he normal force field. These energies correlate reasonably well
ith cone angles (R = 0.877). They were determined for 60 P-donor

igands in Brown’s original work [34,54] and have been used in
he derivation of linear free energy relationships with experimen-
al data (discussed below, Section 5). Bubel and co-workers later
eported an automated approach to the calculation of the ligand
epulsive energy, ERCODE, along with values for 112 P-donor and
everal other classes of ligands [66].

A structural measure of steric bulk for P-donor ligands, the S4′

arameter, which was originally introduced by one of us for the
nalysis of crystallographic data [67], has been adapted as a com-
utational ligand descriptor by the group of Cundari [68]. This
escriptor is calculated as the difference between ∠M–P–A and
A–P–A angles in metal complexes of substituted P-donor ligands

4′ =
∑

(∠M–P–A) −
∑

(∠A–P–A) (3)

nd is inversely correlated with ligand steric bulk, i.e. large values
f S4′ correspond to small ligands. It captures structural changes
n response to increased steric bulk, as the steric interactions
etween substituents force a larger ∠A–P–A angle and hence
smaller ∠M–P–A angle. In Cundari’s work [68], these angles
ere taken from optimised geometries of a series of rhodium

omplexes [trans-RhL2(CO)Cl] obtained with the semi-empirical
M3(tm) approach after extensive molecular mechanics conforma-
ional searches aimed at locating the global minimum. Although the
rystallographic version of S4′ [67] (S4′ crystal) considers a range
f metal and non-metal phosphine complexes, agreement with the
alculated data (S4′ Rh calc.) is generally good for a set of 16 lig-
nds common to both studies (regression coefficient R2 = 0.957).
his parameter has been calculated for 95 phosphines and
hosphites, including a range of exotic ligands where the donor
tom is part of a ring system. These data were combined with a
alculated electronic descriptor (SEP, discussed below) to develop
map of ligand space (see Section 5.2, Fig. 9).

Suresh has reported a steric descriptor derived from quantum
echanical calculations, which essentially captures the same struc-

ural changes as S4′, but only considers the free ligand [69]. This

arameter is an extension of the molecular electrostatic poten-
ial (MESP) approach developed as a P-donor ligand electronic
arameter [70] (discussed in Section 3.2 below). It is calculated
rom a hybrid quantum mechanics/molecular mechanics QM/MM
alculation using the ONIOM method [71], where a PH3 group is

S
T
i
a
a

able 1
inear bivariate correlation coefficients R for steric descriptors (excl. P(o-tolyl)3 and P(C6F

Cone angle
[3] (◦)

ER [34,54]
(kcal mol−1)

ERCODE
[66]
(kcal mol−1)

S4′ crysta
[67] (◦)

umber of ligands 23 25 26 14
for linear fit vs. He8 steric 0.877 0.956 0.844 −0.758
for linear fit vs. LKB S4′ −0.773 −0.798 −0.796 0.881
Reviews 253 (2009) 704–722

sed to represent the ligands in the QM section and any substituents
re treated with MM; the layers are connected by hydrogen link
toms. The shape of the electrostatic potential created by each
igand is affected by steric interactions between the substituents,

hich force larger ∠H–P–H angles and increase the p-orbital con-
ribution to the lone pair on the sp3-hybridised phosphorus atom.
s only PH3 is considered quantum mechanically, substituent elec-

ronic effects are not captured in the layered model and any
eometry changes are due to steric interactions between sub-
tituents in the MM region. A local minimum of the electrostatic
otential created by the ligand, corresponding roughly to the local
aximum in the lone pair electron density, can be located from

isual inspection of the MESP function to give Vmin. The steric
escriptor can then be calculated as the change in Vmin for the
ifferent ligands PR3 compared to free PH3

ESPsteric = Vmin(PH3) − Vmin(ONIOM, PR3) (5)

This parameter has been calculated for 21 alkyl- and arylphos-
hine ligands and Suresh showed that it is highly correlated with
olman’s cone angles (R = 0.976).

In later work [72], Suresh and co-workers extended this
pproach to explore the steric properties of 46 ligands, including
xotic ligand structures identified from the Cambridge Structural
atabase (CSD) [73]. They also used DFT-optimised geometries

o calculate S4′-type data for the free ligands (DFT-S4) and com-
ared these values with the corresponding data determined from
rystal structure geometries (R = 0.889). Their discussion explored
he impact of electronic contributions from the coordination envi-
onment and the substituents on the ligand geometry, which can
e isolated in appropriate scatter plots. ONIOM-S4 data (Table 1),
hich they described as free of electronic effects from substituents,

orrelate highly with Seff data (R = 0.921). (While the definition for
eff is the same as for MESPsteric, Eq. (5), the sign of the data has
hanged for alkylphosphine ligands present in both sets and Seff is
hus positive.) By combining the parameter with a measure of elec-
ronic effects, Eeff, derived from the same calculations (see Section
.2), they also generated a map of phosphine ligands (discussed in
ection 5.2).

We have recently described the development of a ligand knowl-
dge base (LKB) of calculated descriptors for phosphorus(III) donor
igands, LKB-P [74,75]. This database collects structural, energetic
nd charge descriptors (see Table 3 below) calculated with density
unctional theory (DFT) for a range of ligands, both free and in rep-
esentative complexes, and we have illustrated the design, potential
pplications and suitable analysis techniques of such a LKB [74,75].
he steric properties of ligands likely contribute to a number of LKB
escriptors, but we have also included two descriptors specifically
o capture ligand size: the S4′ parameter described above and in
his case calculated from the relevant structural parameters in the
FT-optimised complexes BH3.L, [PdCl3L]− and [Pt(PH3)3L] (LKB

4′), and a new steric parameter, the He8 steric interaction energy.
he He8 steric descriptor is designed to mimic the non-bonded
nteractions between the P-donor ligand and other cis ligands in
n octahedral complex and it is calculated as the energy of inter-
ction between the ligand and a fixed ring of eight helium atoms

5)3, see text)

l S4′ Rh calc.
[68] (◦)

MESPsteric

[69]
(kcal mol−1)

Seff [72]
(kcal mol−1)

DFT-S4,
ligand [72]
(◦)

ONIOM-S4
[72] (◦)

18 14 13 13 13
−0.740 −0.834 0.891 −0.745 −0.867

0.778 0.718 −0.797 0.972 0.783
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ith a radius of 2.5 Å. The ligand phosphorus atom is constrained
o lie exactly 2.28 Å above the centroid of this ring, but the ligand
eometry itself is re-optimised, starting from an optimised confor-
ation of the free ligand. Data for 61 P-donor ligands have been

ublished [74].
In our original work [74] we established the relationship

etween our He8 steric descriptor and cone angles. These descrip-
ors are correlated, but deviations from a linear relationship occur
or bulky ligands where different conformers may need to be con-
idered. Fig. 5 explores the relationship between the He8 steric
escriptors and some of the steric descriptors discussed here.

As observed in our original analysis [74], our He8 steric descrip-
or and the cone angles reported by Tolman [3] have a reasonably
igh linear correlation coefficient; here we have removed the P(o-
olyl)3 and P(C6F5)3 ligands from consideration (see [74] for a more
etailed discussion of conformational issues) to give an improved
t to a linear relationship (R = 0.877, see Table 1). However, the
elationship would be slightly better described by a cubic function
s indicated (regression coefficient, R2 = 0.816 versus 0.770 for lin-
ar fit), which avoids unphysical predictions (<0) for the He8 steric
arameter where ligands are small and takes better account of the
bserved deviations for large ligands. These deviations likely arise
ecause the optimised ligand geometries do not necessarily min-

mise ligand size, whereas Tolman folded all substituents away from
he metal in order to achieve the smallest possible cone angle.
Optimised low energy ligand conformers were used for all of the
alculated descriptors discussed here and these showed quite high
inear correlations (Fig. 5b–d, Table 1) with He8 steric. Differences
etween ER and ERCODE presumably arise from different confor-
ational search results, giving, e.g. remarkably different values for

t
h
d
c

ig. 5. Relationship between LKB He8 steric [74] and steric descriptors (excl. P(o-tolyl)3 a
66]; (d) S4′ derived from various sources (see text and Table 1 for details) [67,68,72,74].
Reviews 253 (2009) 704–722 709

Cy3 ligands (ER = 116, ERCODE = 66) which may indeed adopt a
ange of different conformations, but should be quite similar to
iPr3 (ER = 109 and ERCODE = 107) [34,54,66]. Correlations between
e8 steric and S4′ parameters determined by different approaches
ary, but are reasonably high, and the variations in data perhaps
eflect the different ligand environments, with the crystallographic
67] and LKB [74] versions of the descriptor collated from a range
f coordination complexes while Cundari’s parameter [68] consid-
red a single rhodium complex and Suresh’s data [72] were derived
rom free ligands. The differences between S4′ parameters of Suresh
t al. can be related to the electronic effects of substituents, as
iscussed in their work [72], which affect DFT-S4 but are absent
rom ONIOM-S4. The correlation between the He8 steric and LKB
4′ descriptors is reasonably high (R = −0.701) and significant lin-
ar correlations can also be observed between LKB S4′ and the other
teric descriptors (Table 1).

Deviations from a linear relationship between these steric
arameters and our He8 steric descriptor are often more
ronounced for small ligands, where the He8 steric data converge
o a minimum corresponding to the repulsion between the phos-
horus lone pair and the He8 ring. Several small ligands are near
his value, but most other steric descriptors continue to measure
he size of ligands with no limiting value, giving a more pronounced
ifferentiation of ligands when these are small. However, in some
ase the optimised metal–ligand distance is implicit in the descrip-
or (E and ERCODE) or affects the coordination geometry (S4′), and
R
his may respond to changes in the electronic structure of ligands,
ence altering the steric measure. By including both the ligand-
erived He8 steric and the S4′ descriptor calculated from a range of
oordination environments in our ligand knowledge base, we have

nd P(C6F5)3, see text): (a) cone angle � [3]; (b) Seff [72]; (c) ER [34,54] and ERCODE
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ought to take account of both effects, thereby optimising transfer-
bility of the database to a variety of chemical environments (see
elow).

While Tolman’s concept of a cone angle [3] remains perhaps
he most widely used measure of ligand steric bulk, descrip-
ors proposed more recently allow one to take better account
f a ligand’s conformational responsiveness to changes in the
oordination environment. Rather than relying on a single “com-
ressed” ligand geometry, such descriptors can potentially be
alculated/determined from a range of different conformations to
apture the more dynamic aspects of transition metal complexes. It
s perhaps worth noting, though, that most descriptors are derived
rom a single ligand conformer, albeit often the relevant global min-
mum, and one might speculate on the impact of conformational
oise on such descriptor values [74,76]. For monodentate P-donor

igands, such effects are likely to be small for most ligands, but a
ew pathological cases (see discussion above and Ref. [74]) should
e expected.

Combining calculated structural data with an exploration of
onformational preferences, whether for cone angles or other
escriptors, allows the consideration of novel ligand architectures
efore synthesis. However, the main appeal of cone angles over
ther steric descriptors remains their reassuring familiarity (and
heir linkage with experimental observables), and we expect that
ome of the descriptors discussed here, which can be calculated in a
traightforward and more reliable fashion, will become established
s useful alternatives.

.2. Ligand electronic properties

Computational studies of the electronic properties of P-donor
igands crucially depend on the availability of suitable theoretical
pproaches and resources, and few studies reported before 2000
onsider large samples of ligands; these will not be discussed fur-
her here.

In a study of eight P-donor ligands, Senn and co-workers
xplored the use of DFT-calculated HOMO energies (EHOMO) for
he free ligands as measures of donor strength [49]. They also
erived cone angles from their optimised geometries (see com-
ents above). Observing a reasonably linear relationship between

he EHOMO descriptor and both experimental and calculated pro-
on affinity data on a scatter plot, they further investigated
he correlation of EHOMO with a calculated activation energy

E‡ for the protolytic cleavage of the nickel-carbon bond in
NiCl(CH2CH2NH3)L2]+. This is quite high and a regression coeffi-
ient R2 = 0.976 could be achieved for a simple linear model, which
llows the quantitative prediction of activation barriers for other
igands where steric properties have not changed (para-substituted
ryl phosphines).

Despite the widespread use of Tolman’s electronic parameter
3] discussed above, in some cases the TEP and related carbonyl
tretching frequencies are of limited use as electronic descriptors,
ue to the fact that the metal carbonyl complexes of some inter-
sting ligands are too toxic or unstable to be readily studied, or
ecause such ligands cannot be (or have not yet been) prepared [36].
uch issues were addressed by Clot and co-workers when they pre-
ented a computationally derived ligand electronic parameter (CEP)
36], based on DFT-calculated vibrational frequencies in the familiar
Ni(CO)3L] complex proposed by Tolman [3]. They reported values
or 68 ligands, of which 12 were P-donor ligands, and established

orrelations between their CEP and various experimental ligand
lectronic descriptors, such as the TEP [3] (R = 0.982), the Hammett
ubstituent constant �m [44] (R = 0.967) and the electrochemical
arameter E0 developed by Lever (LEP) [77,78] (R = 0.960). Using

inear regression equations derived in their work, it was shown

d

t
p
g

Reviews 253 (2009) 704–722

hat the CEP could also be used to estimate values for these other
lectronic descriptors.

As frequency calculations with DFT approaches can be compu-
ationally expensive, Cundari, White and co-workers explored the
se of a semi-empirical (PM3(tm)) approach for the calculation of
ibrational frequencies in suitable carbonyl complexes [79]. They
nitially compared the A1 carbonyl vibrational frequencies calcu-
ated for two different complexes ([Mo(CO)5L], [W(CO)5L]) and the
arbonyl stretching frequency of [Rh(Cp)(CO)L] with established
lectronic parameters: TEP [3] (R = 0.952 (Mo), 0.951 (W), 0.913
Rh)), LEP [77,78] (R = 0.960 (Mo)) and CEP [36] (R = 0.954 (Mo)), and
oncluded that their semi-empirical electronic parameters (SEP)
re robust, fragment-independent measures of electronic effects.
hey report the SEP Mo for 24 ligands, including 15 P-donor lig-
nds and both SEP W and SEP RhCp for 46 ligands, of which 37
ave phosphorus donor atoms. In later work, they applied the same
rotocol to [trans-RhL2(CO)Cl] after MM conformational searching
nd semi-empirical geometry optimisations as described above for
he semi-empirical version of S4′ Rh [68]. In this case, the descrip-
or SEP Rh has been reported for 95 phosphines and phosphites,
ncluding a range of exotic ligands where the donor atom is part of
ring system.

Suresh’s molecular electrostatic potential (MESP) approach
escribed above was originally reported as a measure of the elec-
ronic effects in substituted P-donor ligands [70]. For the electronic
arameter, the full ligand is optimised at the DFT level and the

ocal minimum of the electrostatic potential created by the lig-
nd in the lone pair region, Vmin, is derived from the computed
lectron density. This descriptor has been calculated for 33 phos-
hine and phosphite ligands and related to the TEP [3] (R = 0.973),
s well as the pKa values of protonated ligands ([PR3H]+ [46],
= 0.960) and several calculated and experimental reaction ener-
ies. These included for example the calculated energy released
n the formation of [Ni(CO)3L] from [Ni(CO)3] and free L (�E,
= 0.979) and the experimental enthalpy (�H◦, R = 0.984) and the

eduction potentials (E◦, R = 0.985) for the electrochemical reac-
ion [�-Cp(CO)L(COMe)Fe]+ + e− → [�-Cp(CO)L(COMe)Fe] [17]. The
uthors also explored the relationship between Vmin and the phos-
horus lone pair energy expressed as EHOMO, proposed by Senn et al.
49]. Correlation was high for alkylphosphines (R = 0.993), but less
ood for other ligand types. This was related to poorer correlations
etween EHOMO and the reaction energies considered (e.g. for �E,
= 0.848, for �H◦, R = 0.753 and for E◦, R = 0.752) and Suresh et al.

hus proposed Vmin as a superior descriptor for the electron donor
roperties of P-donor ligands. The validity of their analyses was

ater questioned by Giering, Prock and Fernandez, who suggested
hat the observed linear correlations might be due to other factors,
nd that not enough ligands had been considered in the original
tudy to be able to detect such effects [22]. However, Kühl’s recent
eview is more favourable, citing the high correlation with TEP
38].

In more recent work aimed at exploring both the steric and
lectronic effects of ligands [72], Suresh and co-workers derived
n electronic parameter (Eeff) from two-layer QM-MM calculations
described above) of Vmin

eff = Vmin(ONIOM PR3) − Vmin(PR3) (6)

This electronic parameter has been calculated for 46 ligands,
ut, with the work focussing on the discussion of steric effects (Sec-
ion 3.1) and the generation of a ligand map (Section 5.2), was not

iscussed in detail.

Our ligand knowledge base [74,75] also contains a range of elec-
ronic descriptors (see Table 3 below), including a DFT-calculated
roton affinity (PA) and the frontier molecular orbital ener-
ies (EHOMO, ELUMO), which correlate with analogous descriptors
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eported by other groups (Table 2). Correlation with the � bond-
ng descriptors (PA, EHOMO) becomes poorer for parameters derived
rom metal complexes (TEP, CEP, SEP), where � back-bonding may
ccur (these show some correlation with ELUMO) and interactions
ith other ligands can affect the electron density. Interestingly,

orrelations between Vmin and the LKB � bonding descriptors are
uite low, even though Vmin should also capture � bonding effects.
uresh and Koga explored the correlation between the energy of
he phosphorus lone pair orbital (equivalent to EHOMO) and their
min descriptor [70] and found good agreement for PA3 ligands
A = H, alkyl, R = 0.993), but a wider scatter of points for other
ubstituents, suggesting perhaps that the two descriptors capture
ifferent aspects of � bonding.

Although the LKB descriptors EHOMO and PA can be considered �
onding descriptors and ELUMO may be related to � back-bonding,
e have not attempted to separate steric and �/� electronic

ffects explicitly, choosing instead to extract structural and ener-
etic descriptors from a range of metal and Lewis acid fragments
[HL]+, BH3.L, [PdCl3L]− and [Pt(PH3)3L], see Table 3 below) to cap-
ure variations in metal–ligand bonding. As well as EHOMO, ELUMO
nd PA discussed above, these descriptors include adduct binding
nergies, ligand and metal fragment charges from natural bonding
rbital (NBO) analysis, structural parameters capturing geometry
hanges of both ligand and metal fragments upon complexation
nd the steric descriptors discussed in Section 3.1. Few of these
escriptors are purely electronic, as steric interactions with bulky

igands can affect the complex geometries, but many show high
orrelations with the parameters discussed here (e.g. between
EP and BE(B) R = 0.947; TEP and <(H3P)Pt(PH3) R = 0.988; SEP Rh
nd BE(Pt) R = 0.909; SEP Mo and P-Pt R = −0.992, see Table 3 for
KB descriptor names), suggesting that they capture similar ligand
roperties. By considering a range of descriptors derived from dif-

erent coordination environments, we explore the responsiveness
f ligand electronic properties, which may remain obscured if only
single electronic descriptor is considered. In addition, we have

emonstrated how these descriptors can be used to derive good
inear regression models for several experimental datasets [74,75],
ncluding the TEP [3], thus demonstrating the excellent transfer-
bility of descriptors to a variety of chemical environments. Section
will consider how different contributions from � and � bonding or
ther effects could be identified computationally and the applica-
ion of the LKB in maps and models of ligand space will be discussed
n detail in Sections 5.2 and 5.3 below.

. Computational analysis of metal–phosphine bonding

The methods for computational determination of ligand
escriptors discussed in the previous section mostly attempt to cal-
ulate known experimental observables, or related properties that
orrelate strongly with such data. In this sense, they often assume

hat ligand–metal interactions are well characterized by just two
arameters, namely steric effects, measured by cone angles, and
lectronic effects, measured by the TEP. The usefulness of a com-
utational descriptor tends to be considered as being highest in
his framework when it provides a good correlation with the origi-

A
g
b
i
c

able 2
inear bivariate correlation coefficients R for electronic descriptors

TEP [3]
(cm−1)

EHOMO

[49]
(eV)

PA [49]
(kJ mol−1)

CEP
[36]
(cm−1)

SEP M
[79]
(cm−

umber of ligands 32 8 8 10 13
for linear fit vs. EHOMO −0.916 0.948 0.913 −0.936 −0.73
for linear fit vs. ELUMO −0.444 0.264 0.087 −0.683 −0.59
for linear fit vs. PA −0.932 0.920 0.918 −0.950 −0.73
Scheme 1. Examples of biaryl ligands used in amination.

al Tolman parameters or their updated equivalents. As suggested
n some of the discussion above, however, some important prop-
rties of ligands are not sufficiently well resolved by the Tolman
arameters, so that successful computational descriptors should

n fact go beyond these two to achieve a fuller description of the
etal–ligand interactions. In this section, we review methods that

ave been used to attempt to provide a more thorough description
f metal–ligand binding based on first principles. For other reviews
n this topic, see Ref. [80].

Steric bulk is indubitably an important property of ligands, and
he cone angle captures it reasonably well. However, the detailed
ffect of ligand sterics will depend on the anisotropy of the steric
ulk, and this needs to be measured using more than one parameter
37,50–52]. Also, conformational changes can tune the steric bulk of
given ligand, so that it appears to change size during a given reac-

ion. In some cases, such changes will not be possible, as binding
f the ligand to any of the metal species involved in the mecha-
ism will require that it adopts the least bulky of its energetically
iable conformations. However, in other cases, a ligand may change
onformation during the reaction, adopting a more bulky geom-
try and thereby ‘protecting’ the metal centre or a metal-bound
unctional group in some intermediates while ‘folding’ itself into a

ore compact geometry to allow for closer access of other ligands
r substrates to the metal centre in others.

An example of this behaviour apparently occurs for some of the
ulky diaryl ligands (Scheme 1) developed by Buchwald and others
or use in palladium catalysed amination reactions (see Ref. [7] for
ome recent reviews of cross-coupling reactions). Computational
tudies of the catalytic cycle with two ligands used in experimental
tudies, SPhos and XPhos (Scheme 1) [60,61], have shown that in the
atalytic cycle low-coordinate palladium complexes are stabilised
y secondary interactions with the ligand [60] while favourable
mine binding requires rotation of the ligand to remove steric bulk
rom the metal centre [61] (Fig. 6). The use of a single descriptor to

easure the steric bulk of such a ligand would either predict it to
e too small or too large, depending on the conformation chosen.

nd in each case, this would lead to an incorrect conclusion, sug-
esting that other, less conformationally flexible ligands, of similar
ulk to either of the two conformations, would be equally successful

n catalysis. The computational exploration of such conformational
hanges for large ligands in catalytic cycles remains challenging,

o

1)

SEP W
[79]
(cm−1)

SEP RhCp
[79]
(cm−1)

SEP Rh
[68]
(cm−1)

Vmin [70]
(kcal mol−1)

Eeff [72]
(kcal mol−1)

28 28 20 19 13
4 −0.842 −0.680 −0.768 −0.572 0.760
6 −0.534 −0.497 −0.476 −0.543 0.569
0 −0.794 −0.598 −0.741 −0.627 0.661
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Table 3
Descriptors in LKB-P [74,75]

Descriptor Derivation (Unit)

Free phosphorus(III) species (L)
EHOMO Energy of highest occupied molecular orbital (Hartree)
ELUMO Energy of lowest unoccupied molecular orbital (Hartree)
LP s-character Contribution of P s-orbital to lone pair (LP), from NBO analysis (%)
He8 steric Interaction energy between L in ground state conformation and ring of eight helium atoms,

Ester = Etot(system) − [Etot(He8) + Etot(L)] (kcal mol−1)

Protonated Ligand ([HL]+)
PA Proton affinity, calculated as the difference between the energy of the neutral and protonated L (kcal mol−1)

Borane adduct (H3B.L)
Q(B fragm.) NBO charge on BH3 fragment
BE(B) Bond energy for dissociation of P-ligand from BH3 fragment, BE = [Etot(fragment) + Etot(L)] − Etot (complex) (kcal mol−1)
�P–A(B) Change in average P–A bond length compared to free ligand (Å)
�A–P–A(B) Change in average A–P–A angle compared to free ligand (◦)
P–B P–B distance (Å)

Palladium complexes ([PdCl3L]−

Q(Pd fragm.) NBO charge on [PdCl3]− fragment
BE(Pd) Bond energy for dissociation of L from [PdCl3]− fragment, BE = [Etot(fragment) + Etot(L)] − Etot(complex) (kcal mol−1)
�P–A(Pd) Change in average P–A bond length compared to free ligand (Å)
�A–P–A(Pd) Change in average A–P–A angle compared to free ligand (◦)
P–Pd P–Pd distance (Å)
Pd–Cl trans Pd–Cl distance, trans to L (Å)

Platinum complexes ([Pt(PH3)3L])
Q(Pt fragm.) NBO charge on [(PH3)3Pt] fragment
BE(Pt) Bond energy for dissociation of P-ligand from [Pt (PH3)3] fragment, BE = [Etot(fragment) + Etot(L)] − Etot(complex) (kcal mol−1)
�P–A(Pt) Change in average P–A bond length compared to free ligand (Å)
�A–P–A(Pt) Change in average A–P–A angle compared to free ligand (◦)
P–Pt P–Pt distance (Å)
∠(H3P)Pt(PH3) Average (H3P)Pt(PH3) angle (◦)
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S4′ calc (

∑
< ZPA −

∑
< APA), where Z = BH3

s the quantum mechanical and DFT approaches required to yield
eliable reaction energies are too expensive for detailed conforma-
ional searches, while agreement with relative conformer energies
erived from other approaches (molecular mechanics and semi-
mpirical) can be poor. However, steric descriptors derived from a
ange of different coordination environments may provide an indi-
ation of where such explorations would be useful, focussing our
fforts on ligands able to show such a conformational response.

For electronic effects, it is equally clear that the TEP, or any other
ingle descriptor, cannot adequately capture all the electronic prop-
rties of a given ligand. For example, two ligands may be roughly
qually electron donating in a Ni(CO)3(L) complex, but one of them
ay be much more electron donating in an Fe(II) or Rh(III) com-

lex; ligand electronic properties should thus be considered as

esponsive to changes in their coordination environment. The most
bvious reason why this behaviour may arise is that bonding is usu-
lly accepted to involve both � donation of the phosporus lone pair
nto an empty orbital on the metal, and � back-donation from filled
orbitals on the metal to empty orbitals of appropriate � symmetry

ig. 6. Different ligand conformations observed in palladium-catalysed amination
60,61].
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ith respect to the metal–P bond on the ligand [81,82]. The latter
rbitals are now generally accepted to be combinations of P–R �*
rbitals [83], although earlier work speculated on the role of vacant
hosphorus d orbitals for � acceptance (see for example Ref. [84]
or a review). While bonding in some complexes may involve rela-
ively little back-bonding, in others it can play a much larger role,
nd this can lead to a breakdown of models relying on a single
lectronic parameter.

Computational results can be used to derive more sophisti-
ated models of metal–ligand bonding, in which the individual
ontributions of effects such as � donation and � back-bonding
an be separated, and thereby used to derive more complex
ulti-parameter models. We review here some of the work that

as been carried out on such attempts to unravel the rela-
ive contribution of the two bonding types in different ligands
nd different environment, at both a qualitative and quantitative
evel.

The early suggestions of back-bonding to phosphines related
o the very electron-poor PF3 ligand [81], but it was suggested
ater, based on the much higher intrinsic stability of cis versus trans
tCl2(PEt3)2 [82], that alkylphosphines should be � acceptors also.
s back-bonding to such ligands is rather weak, however, there has
een some discussion as to whether simple alkyl and aryl phos-
hines really do lead to any back-bonding. Correlation between
etal–ligand bond energies or related properties, and ligand

escriptors that are expected to relate only to the � donor character,
re often quite good. For example, as mentioned above, calculated

–Ni(CO)3 bond energies correlate well with the Vmin parame-
er [70], as do the reduction potentials for [�-Cp(CO)L(COMe)Fe]+

17]. Many experimental properties also correlate well with �-only
roperties for alkyl- and arylphosphines, so it has been suggested
hat such ligands involve only � donation [12].
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Computation provides unequivocal evidence that back-bonding
oes occur towards simple trialkyl- and triaryl-phosphines. This is
hown by some of the quantitative analyses discussed below, but
lso by qualitative properties. For example, the calculated electron
ensity in a number of metal–phosphine complexes has been anal-
sed [85]. In cases where back-bonding occurs, a larger density is
xpected in the region corresponding to overlap between the metal
orbital and the ligand P–C �* orbitals. Such subtle effects on the

otal density may be difficult to detect in absolute density plots, as
hey are quite small, and may be swamped in the overall electron
ensity. However, appropriate plots of electron density differences
an make such changes apparent.

A particularly useful approach is to plot the density difference
etween two metal complexes that differ only by the removal of an
lectron from the metal centre, formally a metal d electron. In the
ore oxidized complex, either one of the d electrons responsible for

ack-bonding is removed, or the general lowering of the d orbital
anifold due to oxidation of another d orbital leads to decreased

ack-bonding. In either case, a plot of the density difference shows
main feature corresponding to the particular d orbital from which

he electron was removed, and a set of secondary features corre-
ponding to polarization of the ligands, and, where back-bonding
as important in the reduced compound, to a loss of density from

he region close to the � acceptor ligands of the metal. This is shown
chematically in Fig. 7.

An isocontour plot of the electron density difference clearly
hows this effect for a number of metal–phosphine complexes. Plots
or CrCl2(dmpe)2, Mo(CO)5(PH3) and Mo(CO)5(NH3) are shown in
he literature [85], with the first two complexes showing signifi-
ant regions of electron density loss around the expected location of
he P–R �* orbitals. The molybdenum complexes also show regions
f density depletion around the CO �* orbitals; these regions are
arger than for the phosphine ligands, as expected given the much
igher back-bonding accepting character of the carbonyl ligand.
he ammonia complex shows no sign of back-bonding to the N–H
* orbitals. A similar plot is shown below (Fig. 8) for Cp*Fe(dppe),
here the density loss in the region of the P–C �* orbitals is also

pparent.
The compounds for which the electron density differences upon

xidation were examined in this study [85] were chosen because
he X-ray structure of both the oxidized and reduced forms was
nown, and it had previously been shown [86] that the struc-
ural changes upon oxidation were those that were expected

pon experiencing marked decrease in back-bonding interactions.
ost notably, oxidation leads to an increase in the M–P dis-

ance, consistent with a weakening of the bond, whereas for
-only ligands, a decrease in bond length is observed, due to

ig. 7. Schematic molecular orbital diagram showing reduced back-bonding upon
ne-electron oxidation of a generic metal complex due to lowering of the d orbital
anifold.
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sing an isocontour value of 0.002 e Bohr−3. Blue regions correspond to regions of
lectron density depletion, red regions to regions of increase in density. Hydrogen
toms are omitted for clarity.

tronger Coulombic interactions with the more highly charged
etal. These geometry changes are reproduced by the calcula-

ions [85], so that structural and electronic structure considerations
oth support a net loss of back-bonding upon oxidation at the
etal.
These electron density and structural effects show that simple

lkyl- and aryl-phosphines do bind to transition metals in a com-
lex way involving both � bonding and � back-bonding. However,
uch analyses do not provide quantitative insight into the energetic
onsequences of back-bonding. Other computational techniques
re needed to analyse this aspect of bonding.

Computational chemistry is regularly used to calculate the total
ond energy between a metal fragment and a ligand. Although it

s significantly harder to calculate accurate binding energies for
ransition metal compounds than for many main-group species,
omputation does provide a very useful estimate of key bond
nergies. Trends in bond energies for related ligands can in par-
icular often be predicted quite accurately, as error cancellation
an be relied upon. A more challenging problem is to calculate
he contribution to the bond energy from effects such as back-
onding. The difficulty here is essentially that one is trying to
alculate the energy difference between one well-defined, experi-
entally observable state (the fully bound ligand), and one purely

ypothetical state (the complex in which all bonding interactions
etween the metal and the ligand are present except for back-
onding). The latter state cannot in principle be observed and this
lso leads to serious problems when attempting to calculate its
nergy.

One approach that has been used by computational chemists to
eparate bonding into different components is based on compar-
ng the energy of the fully optimised molecular species, and that
f a point on the potential energy surface in which the desired
nteraction is absent due to stereoelectronic effects. For example,
one pair stabilisation of carbocations in �-amino or �-phosphino
arbocations R2C+ − XR′

2 (X = N or P) can be assessed (see e.g. [87])
y comparing the energy of the global energy minimum with that
f the lowest energy geometry in which the empty p orbital on C
nd the lone pair on X lie at right angles to each other. This approach

eems at first very attractive for metal–phosphine complexes, but is
ot really applicable due to the high symmetry around the M–P axis,
hich means that there is no possible angle in which back-bonding

nteractions are prohibited.
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Hence indirect techniques, in which the interaction of interest
s isolated from any others as part of the quantum chemical treat-

ent, are needed. Many of these are based on stepwise processes to
alculate the energy of interaction between the isolated ligand and
he metal fragments, using either Hartree-Fock or, more commonly,
FT methods. First, the ligand and metal fragment are distorted

rom their equilibrium geometries to the geometry they adopt in
he complex. Then, the classical electrostatic interaction energy
etween the two partners is calculated based on the fragment
avefunctions. Then the two wavefunctions are antisymmetrized,

nd finally, they are allowed to relax self-consistently to the final
unction. This relaxation process can be done stepwise, including
nly parts of the Fock matrix, e.g. those allowing mixing between
lled ligand orbitals and vacant metal fragment orbitals, and in this
anner, a defined energy contribution can in principle be obtained

or a particular type of bonding interaction. In another variation,
he energy effect of relaxation of orbitals can be broken up into
ontributions from each of the irreducible representations of the
olecular point group of the whole complex, again allowing some

istinction to be made between different interactions where sym-
etry can be used to discriminate between them.
This general description covers methods such as the energy

ecomposition analysis (EDA) [88], the extended transition state
ETS) model [89], and the constrained space orbital variation (CSOV)

ethod [90]. All of these have been applied to study bonding in
ransition metal complexes. Another approach, called the Natural
rbitals for Chemical Valence (NOCV) method [91], has also been

ecently applied to ligand binding. It relies on the calculation of the
igenvectors of the difference density matrix formed by subtracting
he density matrices of the fragments from that of the complex. The
OCV method does not provide an energy for a given interaction,
ut does provide an approximate valency associated with each type
f orbital interaction.

The EDA, ETS, and CSOV methods all suggest that bonding of
hosphines and related phosphorus ligands to metal complexes

nvolves very significant contributions from back-bonding. For
xample, back-bonding is predicted using the ETS method to con-
ribute ca. 15 kcal/mol to the bond energy in the three complexes

(CO)5(PH3) (M = Cr, Mo and W) [92]. This is a significant contribu-
ion, given that the total bond energies for these three complexes,
alculated at the same BP86/TZP level of theory, are only just above
0 kcal/mol. The same method predicts similar back-bonding con-
ributions for the PMe3 complexes, and larger contributions of ca.
0 and 25 kcal/mol, respectively, for the PF3 and PCl3 species. In
he case of the phosphorus trifluoride compounds, the contribution
rom back-bonding is roughly equal to the total bond energy, sug-
esting that in the absence of this interaction, PF3 would not bind
o these metal centres. Clearly, donation of a metal lone pair into
he P–X �* orbitals is an important contribution to ligand binding.
ome caution is however needed when interpreting these numbers,
s it has been shown that the ETS predicts a significant contribu-
ion of 4 kcal/mol from back-bonding in M(CO)5(NH3) (M = Cr, Mo)
93]. Most other experimental evidence, and calculations, including
he density difference study reported above, suggest that back-
onding to amine ligands is negligible. Also, the ETS predicts a
ignificant increase in the strength of the back-bonding interaction
to ca 6 kcal/mol) upon ionization to M(CO)5(NH3)+ [93]. Structural
nd density difference plots uniformly predict that back-bonding
hould decrease upon oxidation.

How can one explain these unexpected results from the ETS

ethod? This approach is based on a decomposition of the total

nergy difference upon binding into a sum of several terms, cor-
esponding to the individual steps in the hypothetical process
escribed above. Each of these terms is assigned a physical mean-

ng. For example, the energy change corresponding to the orbital

p
a
e
a
w
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elaxation step is usually attributed to covalent bonding, including
he back-bonding interaction of interest here. But this identifica-
ion of the energy difference between two theoretical constructs
o a ‘chemical’ concept such as binding is fraught with difficul-
ies. For example, upon bringing two closed-shell partners such
s two helium atoms together, exchange-repulsion due to the anti-
ymmetrization of the two overlapping wavefunctions explains the
epulsive nature of the interaction. Polarization of each atom will
ct to minimise this repulsion. In the ETS formalism, this polariza-
ion will appear as an orbital relaxation term, yet most chemists
ould choose not to interpret this as a covalent bonding effect.

ikewise, one can imagine that upon complexation of an amine to
metal fragment, a close approach of the nitrogen to the metal will

avour a strong dative interaction between the amine lone pair and
he empty metal acceptor orbital. This close approach will how-
ver be unfavourable in other respects, as it will enforce overlap
etween orbitals of � symmetry. The associated wavefunction anti-
ymmetrization will lead to a destabilisation term. Here too, this
ill be alleviated by orbital relaxation—but as for the case where

wo helium atoms are forced to lie close to each other, it is not
ppropriate to interpret this effect as true chemical bonding.

The CSOV method, applied using Hartree-Fock calculations, also
redicts a significant back-bonding contribution, of 9–20 kcal/mol,

n complexes Pd–PR3, where R = H, Me, OMe or F [94]. The CSOV
ethod allows for stepwise mixing of different orbitals, so that it

s possible to separate the effect of intra-phosphine relaxation and
etal to phosphine back-donation. The relaxation term was found

o be fairly small for the phosphine, but fairly large for the metal
ragment, which in Ref. [94] was simply a Pd atom.

Finally, the NCOV method has been used to predict the valency
orresponding to � donation and � back-bonding for a set of dif-
erent ligands in complexes Ni(NH3)3L2+ and Ni(CO)3L2+ [95]. This

ethod indicates a significant degree of back-bonding to PH3, with
omputed bond orders of 0.44 and 0.41, respectively, in the ammine
nd carbonyl species. As for the ETS approach, the NCOV method
oes not allow an easy discrimination between intra-ligand and

ntra-metal fragment relaxation or polarization effects, and actual
onding, so the numerical values of the valences must be con-
idered with some caution. For example, back-bonding to NH3 is
redicted to be almost as strong as to PH3 [95]. Nevertheless, this
pproach provides further confirmation of the role of back-bonding
n metal complexes.

One other approach that has been used to attempt to quantify
he contribution of back-bonding to the metal–phosphorus bond is
atural bonding orbital analysis [96,97], and in particular the use of
erturbation theory to quantify secondary orbital interactions. In
his method, the calculated wavefunction is fitted to a representa-
ion in terms of a minimal basis of natural atomic orbitals combined
o form molecular bonding orbitals. Then the energetic contribu-
ion of deviations from this reference Lewis structure are derived
ssuming perturbation theory. For transition metal compounds, a
ood reference representation can be obtained in which pairs of
rans ligands are treated as bonding to the metal through three-
entre four-electron bonds [97]. The t2g orbitals on the metal are
reated as lone pairs. Back-bonding then appears as a secondary
rbital mixing, and the energy contribution of this mixing gives a
ood approximation to the energetic impact of back-bonding [93].

This NBO analysis has been applied to a set of model compounds
d–L, L′–Pd–L, and M(CO)5L, where L is a ligand such as NH3, PH3,
(OMe)3 or PF3, L′ is CO or NH3, and M is Cr or Mo [93]. The results

rovide useful insight into the � acceptor character of each lig-
nd, and, by taking the difference with respect to the total bond
nergy into account, also illuminate the primary � donor inter-
ction. Perhaps the main observation is that back-bonding occurs
ith significant strength to all the phosphorus-based ligands, in
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greement with the qualitative conclusion drawn from structural
nd density factors, and with the quantitative insight derived from
TS and related analyses. A good model of phosphines and related
igands must of necessity take into account their � acceptor char-
cter.

The NBO calculations show the amine ligand to lead to weak
ack-bonding, e.g. of 5.7 kcal/mol in the electron rich H3N–Pd–NH3
omplex, but this is much smaller than the contributions of 16.0
nd 14.9 kcal/mol obtained for the H3N–Pd–PH3 and Pd–PH3 com-
lexes, respectively [93]. The total M–PH3 bond energy in the latter
omplex is 36.1 kcal/mol, so back-bonding accounts for almost half
f the bond energy. In the Cr(CO)5L complexes, back-bonding makes
much smaller contribution for all the ligands, as they must now

ompete with the strongly �-accepting CO ligands for the metal
electrons. For ammonia, back-bonding has an almost negligible

ffect of 0.1 kcal/mol, whereas for PH3 it accounts for 4.4 of the
ond energy, and for PCl3, it contributes an impressive 15.7 kcal/mol
o binding. These results demonstrate that as suggested above for

given ligand, back-bonding can indeed vary in magnitude and
n relative contribution to the total bond energy when comparing
ifferent metal fragments. Bonding to the Pd atom is much more
ensitive to back-bonding than is the metal–phosphorus bond in
he Cr(CO)5–L complexes.

Additional interesting trends can be observed. For example,
Me3 is computed to be a slightly better � acceptor than PPh3 in the
r and Mo complexes [93], contrary to the expectation based on the

act that PPh3 has a larger TEP [3,98]. This could be explained if the
Ph3 ligand is a poorer � donor than PMe3. Another observation
s that back-bonding contributes roughly 50% more to bonding in
d–PF3 (23.7 kcal/mol) than in Pd–PH3 (14.9 kcal/mol), whereas in
he Cr(CO)5–L ligands, the difference is much greater, with contri-
utions of 11.9 and 4.4 kcal/mol, respectively. Apparently, compared
o PF3 the weak PH3 ligand is able to back-bond more effectively in
he more electron rich environment of the complex with atomic
alladium than in the more electron-poor environment. This effect
robably also explains why even ammonia acts as a � acceptor in
he Pd complex, although this type of behaviour is not noted for

ore common amine complexes. Although this conclusion is based
n calculations with the somewhat unrealistic model compounds
ith Pd, it should also apply when comparing ‘real’ complexes with
ore and less electron rich metal centres.
As a final note, it is worth highlighting that this section has

ocused on the way in which computation can provide further
nsight into the impact of ligand electronic properties on bond
nergies. This may appear at first sight to be a relatively unimpor-
ant property for determining effects such as catalytic efficiency,
s it should only matter in the sense that low metal–ligand bond
nergies can lead to low catalyst stability. In fact, bond energies
re much more important than this, as shown in the hypotheti-
al thermodynamic cycle shown in Fig. 9. For any given ligand L,
he activation enthalpy �H‡(L) can be written as the activation
nthalpy for a hypothetical ligand-free reaction, �H‡(/), plus the
ifference between the bond energies of the ligand towards the
etal in the reactant and in the TS. If the TS is more electron-poor

han the reactant, for example, a stronger � donor character for the
igand may decrease the activation enthalpy, whereas a stronger �
cceptor character may increase it.

The more detailed computational investigations of metal–
hosphorus interactions described in this section essentially con-
rm established descriptions of bonding in terms of � donation

nd � back-bonding. However, by enabling comparisons between
ifferent ligand types and different coordination environments,
hey suggest that the mix of these different contributions can
ary from case to case. The different methods for decomposition
f energy contributions are very time-consuming, and in some

b
p
[

P

ig. 9. Notional thermodynamic cycle showing the importance of bond energies for
nderstanding ligand effects on reactivity.

ases computationally expensive, which restricts the application
f such approaches to a few representative ligands and their com-
lexes. Practical explorations of ligand effects for large databases
f synthetically relevant ligands and complexes generally rely on
escriptors capturing ligand properties implicitly, often by measur-

ng changes in structures, energies and experimentally observable
roperties, and decomposition into steric and �/� effects is rarely
ttempted. The development, analysis and potential applications of
uch descriptor databases in interpretation, discovery and predic-
ion will be discussed in the next section.

. Descriptor databases and analysis

The identification and analysis of linear free energy relation-
hips (LFER) has a long tradition in organic chemistry, as they
llow the derivation of quantitative relationships between suit-
ble property descriptors and experimental measurements such as
ate and equilibrium constants and spectroscopic data [30,34,44].
imilar analyses have been applied to the effects of exchanging
-donor ligands in transition metal chemistry (see for example
efs. [4,25,31,34,35]), using both the individual descriptors sum-
arised above and more extensive databases of ligand descriptors,

he latter more likely perhaps to capture the responsiveness of lig-
nd properties to the coordination environment (Section 4). Such
atabases, along with their applications in data analysis and pre-
ictions, will be discussed in this section. While our main focus
emains on calculated descriptors, we will also consider param-
ters derived from experimental data with a view to providing a
ore complete overview of data analysis techniques. The chosen
ethods of data analysis and presentation are influenced by the

ims of each study, and we will structure this section according to
hether interpretation, discovery or prediction is the main focus.

.1. Interpretation of ligand effects

Where linear relationships between experimental data and suit-
ble descriptors can be identified, the magnitude of contributions
rom individual descriptors can improve our understanding of lig-
nd effects on the chemical processes (e.g. spectroscopic, kinetic,
hermodynamic) observed. In Sections 2 and 3 we have explored
inear relationships between observations and individual descrip-
ors, but, as highlighted in Section 4, chemical reality is often more
omplicated and several properties, expressed for example in terms
f steric and � and � electronic effects, may contribute. Moving

eyond bivariate linear correlations, most analyses aimed at inter-
reting descriptor contributions use multivariate linear regression
42,43], where a linear equation of the general form

obs = a D1 + b D2 + c D3 + . . . + constant (7)
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here Pobs is the observed property and D1, D2, D3 denote differ-
nt descriptors, is used to model observed data. The quality of fit
f this model to the observed data can be assessed by regression
oefficients (R2), where values close to 1 indicate that the model
eproduces the observed data well. In addition, if the number of
escriptors needed to produce a good model is of interest, for exam-
le to avoid overfitting [99], an adjusted version of the regression
oefficient (adjusted R2) can be used to compare different mod-
ls. This diagnostic takes into account that additional variables will
lways improve the fit of a model but simpler models are usually
ore desirable as they are easier to interpret and less prone to per-

urbation by the effects of noise. While diagnostic plots of fitted
ersus experimental and residual versus fitted data can be used to
llustrate the quality of a multivariate linear regression model, these
re of greater interest where predictions are attempted (Section
.3).

The QALE (quantitative analysis of ligand effects) approach has
een applied by Giering and co-workers to experimental data
ver a period of almost two decades [11–23], during which both
escriptors and analyses have been refined; we will concentrate
n more recent implementations of this approach here. The QALE
odel assumes a linear relationship between experimentally mea-

ured properties and a number of steric and electronic descriptors,
ermed stereoelectronic parameters, of the general form:

roperty = a �d + b(� − �st)� + c Ear + d �p + e i + f (8)

here �d describes � electron donor capacity [12,13,19], � is the
olman cone angle [3], �st is a steric threshold, � is a switching
unction for the steric term, Ear is a secondary electronic effect,
riginally described as aryl effect [14], �p describes the � acid-
ty [19], and i describes the number of hydrogens in PZ3−iHi [23].
teric effects can be discontinuous, only becoming important after
igands have reached a critical size (a steric threshold). While the
oefficients a–f in the QALE equation were initially determined
rom a combination of graphical and regression analyses for dif-
erent types of ligands (summarised in Ref. [15]), later applications
elied on fitting appropriate regression models for multiple vari-
bles [21]. The stereoelectronic parameters �d, �, Ear and �p have
een reported for 138 P-donor ligands in the literature [20] and for
ver 300 ligands on the QALE website (http://www.bu.edu/qale/)
23]. Some of these parameters were derived from experimental

easurements [3,14,46,53] and others were estimated by revers-
ng the QALE analysis and predicting parameter values from fitted

odels [18–20].
Analyses based on the QALE equation (Eq. (8)) have been useful

n formalising the interpretation of many experimental datasets
n terms of steric and electronic ligand effects, and much of the
ecent work published by the authors [18–20] routinely examined
etween 15 and 32 experimental (spectroscopic, electrochemi-
al and thermochemical) datasets for a variety of phosphorus
onor ligands. A recent analysis of � effects in rhodium com-
lexes used a more targeted set of data, considering spectroscopic
�CO), structural (Rh-P distances) and thermodynamic (−�Hrx)
bservations for [Rh(CO)Cl(PA3)2] and [Rh(acac)(CO)(PA3)] com-
lexes [21]. Regression coefficients R2 between 0.961 and 0.995
ere achieved for the models; the carbonyl stretching frequen-

ies �CO gave the best models (R2 = 0.990 and 0.995) with QALE
arameters. The model coefficients were then standardised by con-
idering the range of coefficients determined for a large set of
odels, and the percent contribution of descriptors to the mod-
ls could thus be analysed. These contributions suggest that �
ack-bonding is important in rhodium complexes with phospho-
us donor ligands. However, the balance of effects due to different
o-ligands complicates the analysis such that � effects can be
bserved for all datasets apart from −�Hrx for the ligand exchange

a
t
l
d
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RhCl(CO)2]2 + 4PA3 → 2[RhCl(CO)(PA3)2] + 2CO, where the CO lig-
nds may balance the effects of changes in Rh-P � back-bonding;
uch effects appear more clearly for complexes with acac ligands;
gain, ligands appear to respond to changes in the coordination
nvironment.

The QALE approach has been applied by other groups as well,
ost notably by Poë and co-workers in their analysis of associa-

ive reactions of metal carbonyl clusters [24-30]. These authors
sed a slightly different � electronic parameter pK ′

a, linked more
losely to experimental pKa values [25,28,46] but considering Tol-
an’s descriptors [3,53] in the derivation, as well as a different �

arameter pK ′
a� [26] and an additional term for pendant groups

ttached to the ligand, ˝Epge [29,30] to give:

roperty = ˛ + ˇ(pK ′
a + 4) + 	(� − �th)� + 
(pK ′

a�) + ı(Ear)

+˝Epge (9)

They also calculated the contribution of each parameter to an
xperimentally observed property for individual ligands [27] rather
han using ranges to standardise data [21], but otherwise they fol-
owed the QALE protocol. Recently, Bunten and Poë have published

discussion of multi-mechanism linear free energy relationships
MMLFER) for the analysis of reduction potential data for the [(�5-
5H5)(CO)(L)Fe(COMe)]+/0 couple with a range of 22 phosphorus
onor ligands L [30], which compared the two flavours of QALE in
n appendix.

Another system of descriptors for linear free energy relation-
hips was applied to P-donor ligands by Drago and Joerg [32,33].
hese descriptors have been derived from the enthalpy of adduct
ormation with different fragments and seek to capture the � donor
trengths of ligands in two parameters, EB and CB, designed to mea-
ure electrostatic and covalent character, respectively, which have
een reported for 37 P-donor ligands. The so-called ECW model,
amed after terms in the model equation

roperty = EAEB + CACB + W (10)

here subscripts A denote acids and B denote bases was originally
eveloped for many different classes of ligands, with the inclusion
f P-donor ligands a later development requiring different descrip-
or derivations [32,33]. Models were derived for a wide range of
xperimental datasets, including heats of reaction, 13C NMR chem-
cal shifts, carbonyl stretching frequencies, redox potential and rate
onstants for ligand displacements. This system was presented as
simpler, chemically more intuitive way of analysing experimen-

al data for a variety of ligands, in direct opposition to QALE and
ffering alternative interpretations of experimental data in terms
f ligand donor/acceptor strength in a ligand set extending beyond
-donors [32]. This precipitated a debate in the literature [16,17,33],
uring which Giering and co-workers claimed that two parameters
ay not be sufficient to capture the steric and electronic properties

f P-donor ligands [16,17] and Drago and Joerg questioned the con-
istency of interpretations derived from QALE analyses [33]. While
ther authors have criticised the QALE approach for the deriva-
ion of ligand subsets and the treatment of outliers [31], as well
s the complicated analysis required [38], QALE has received more
idespread attention in the analysis of P-donor ligand effects on

xperimental data than the ECW model and has been described
s a superior approach [26,38], helped perhaps by the fact that
escriptors are more clearly targeted at P-donor ligands.
Brown combined his calculated steric descriptor ER (described
bove [34,54,63–65]) with experimental 13C NMR chemical shifts of
he carbonyl group in [Ni(CO)3L] complexes, ı [55], to derive corre-
ation coefficients and linear free energy relationships for just two
escriptors [34,54], mainly considering rate constants for ligand

http://www.bu.edu/qale/


mistry

e
[
y
s
s
[
a
t
o
c
a
f

t
d
s
n
i
a
fi
d
t
t
p
t
a
a
w
C
s
b
t
e
b
a
s
o
m
b
n
[
c
c

5

s
p
u
i
d
o
t
l
a
u
F
a
t
a
p
s
c
m

b
p
s
i
t
t
p
l
a
fi
t

t
(
e
n
m
i
t
t
l
(
p
m
p

Cundari and co-workers were interested in the computational
evaluation of new ligands and they used the computational steric
and electronic descriptors S4′ and SEP described above to gener-
ate a stereoelectronic map of P-donor ligand space [68] (Fig. 10a).
On this map, they identified areas not sampled well by com-
N. Fey et al. / Coordination Che

xchange reactions, e.g. [Co(NO)(CO)3] + L → [Co(NO)(CO)2L] + CO
45] and [Fe(NO)2(CO)2] + L → [Fe(NO)2(CO)L] + CO [100]. The anal-
ses did allow for steric thresholds, but he did not attempt to
eparate electronic contributions into � and � effects, making a
impler two descriptor model more acceptable (see, however, Ref.
16]). The main aim of this work was to establish and promote ER as
useful steric descriptor and little discussion of the descriptor con-

ributions and models was included. However, to allow comparison
f different reactions Brown proposed a standard set of 10 ligands,
onsisting of phosphines and phosphites with different alkyl and
ryl substituents and hence capturing a range of properties, for
uture experimental explorations of ligand effects [34].

Any attempt to analyse the contribution of ligand descriptors
o experimental observables relies on the availability of suitable
atasets. Such data should have been determined consistently,
ubject to the same experimental conditions, and ideally a large
umber of ligands would have been sampled to allow for mean-

ngful statistical analysis. These criteria are not always fulfilled by
vailable experimental datasets, which can make their analysis dif-
cult. In addition, if different subsets of ligands are considered in
ifferent experimental datasets, this will also affect the descrip-
or coefficients in fitted equations. While e.g. QALE analysis tries to
ake this into account by standardising each coefficient and com-
aring percent contributions [21], these coefficients are unlikely
o be particularly robust with respect to changes in the ligand set
nd such comparisons can only be qualitative, unless the same lig-
nd set has been considered throughout; this could be achieved
ith a standard ligand set as suggested by Brown and Lee [34].
alculating parameter coefficients for individual ligands and con-
idering them as modifiers of a standard reaction rate as described
y the Poë group [27] may be a more suitable approach, although
he generality of this approach was not explored. Furthermore, the
xperimental sampling of ligands is often not evenly distributed
etween alkyl- and arylphosphines, phosphites, aminophosphine
nd halogenated phosphines, so ligand effects important for a sub-
et may be overemphasised in an analysis, if only few examples of
ther ligand types have been considered. Indeed, Drago and Joerg
ake a similar point with respect to wider ligand space, i.e. com-

ining ligands with different donor atoms (phosphorus, oxygen,
itrogen, sulphur) to analyse acceptor parameters more reliably
32,33], although in practice few of the experimental datasets they
onsidered actually sampled more than one subset of ligand types
omprehensively.

.2. Discovery of ligands

While the linear free energy relationships discussed above often
eek to unravel the contributions of ligand steric and electronic
roperties to experimental observations, descriptors can also be
sed to illustrate ligand similarities. Moving beyond inspection of

ndividual descriptor values, Tolman’s stereoelectronic map of P-
onor ligands (Fig. 2) arises from a straightforward scatter plot
f his two descriptors, cone angle � and the electronic parame-
er �/TEP. The resulting map of ligand space can be used to locate
igands with similar properties to a ligand of interest or to inspire
range of experiments with very different ligands, both concepts
seful in experimental design, optimisation and ligand screening.
or such maps, a broad and even scatter of data points is desirable,
s this indicates that the ligands sampled cover a range of proper-
ies and that descriptors are not correlated; high linear correlation

nd regression coefficients would be undesirable. Where multi-
le descriptors have been determined, two- or three-dimensional
catter plots of descriptor combinations may not capture suffi-
ient information and become unwieldy, so statistical projection
ethods such as principal component analysis (PCA) [42,43] can

F
e
C

Reviews 253 (2009) 704–722 717

e more useful. PCA generates derived variables, principal com-
onents (PCs), as linear combinations of the original descriptors,
ubject to capturing most of the variation in the original dataset
n the first few PCs. In addition, the PCs are uncorrelated, making
hem ideal for reducing the dimensionality of a large set of descrip-
ors. Scatter plots of the first two or three PCs often capture a large
roportion of the variation and hence information content of under-

ying descriptors. However, a simple and intuitive interpretation of
xes in terms of familiar steric and electronic effects becomes dif-
cult for such derived descriptors and PCA is known to be sensitive
o outlier observations [74,75].

Principal component analysis was used in work by Bjørsvik et al.
o design a test set of ligands for more detailed predictive analysis
discussed below) [101]. They calculated a range of structural and
lectronic descriptors (e.g. FMO energies, hardness, dipole moment,
umber of C and H atoms, surface area, etc.) with semi-empirical
ethods for 45 P-donor ligands and then used PCA to derive an

nitial map of ligands, which showed two distinct clusters. This led
o the exclusion of the smaller cluster of polyhalogenated ligands
o give a revised ligand map of 39 ligands, from which a subset of 17
igands was chosen as training set for predictive regression analysis
Section 5.3). While in this case the PCA map was secondary to the
redictive models developed, this work demonstrated how such
aps can be used in experimental design to ensure that a range of

roperties is captured by the ligand set investigated.
ig. 10. Stereoelectronic maps based on SEP and S4′: (a) map used in design and (b)
xpanded map. Reprinted with permission of the copyright holders from Ref. [68].
opyright 2003 American Chemical Society.
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described above may still be useful, non-linear approaches (artif-
ig. 11. Ligand knowledge base map derived from principal component analysis on
3 descriptors; see Ref. [74] for map incl. Varimax rotation and further details of

igands and analyses.

only used ligands and translated this into design criteria for
hosphines and phosphites, targeting especially large, electron-
oor phosphines and ligands of median electronic and donor
roperties. By exploring the experimental literature and CSD
73] for less popular ligands, they then identified a set of tar-
et ligands (phosphites, perfluorinated phosphines and ligands
here the phosphorus is part of a ring) and calculated descrip-

ors for these ligands, producing an extended stereoelectronic map
Fig. 10b). This allowed them to identify several candidate lig-
nds for further experimental investigation, including P(t-C4F9)3
s a large, electron-poor ligand, as well as a range of cyclic
hosphines.

To exploit the information content of the calculated descriptors
n a ligand knowledge base context (see above and Refs. [74,75]),

e have used principal component analysis on the descriptor set
hown in Table 3 [74]. The original 23 descriptors, derived from
oth the free ligands and a range of metal and Lewis acid fragments
Table 3) are correlated to some extent, whereas PCA removes this
orrelation and captures 67% of the variation in the dataset in the
rst two PCs. The resulting map of ligand space (Fig. 11) shows
hemically intuitive clustering of ligands according to their sub-
tituents and can be used to identify ligand similarities and design
est sets for screening and reaction optimisation.

Using steric (Seff) and electronic (Eeff) descriptors derived from
min calculations with a combination of QM and MM approaches,
uresh and co-workers have also produced a map of phosphine
igands (Fig. 12) [72]. As in Cundari’s map [68] described above
Fig. 10), they were interested in locating unusual ligands retrieved
rom the CSD in relation to more familiar ligand families. They con-
entrated on cyclic and heterocyclic phosphines and phosphites, as
ell as some novel ligand structures reported recently in the liter-

ture which they related to more familiar ligands. While the main
im of this work was to introduce and describe their Vmin derived
escriptors, they briefly discussed the use of such a map in catalyst
esign and selection.

Work by Rothenberg and co-workers has explored the applica-
ion of calculated QSAR descriptors and multivariate analyses in
ransition metal catalyst screening [102–104]. They calculated 80
tructural and electronic descriptors for P-donor ligands and sol-

ents and used these to produce PCA maps and PLS models for
alladium-catalysed Heck reactions (Scheme 2 [105]). They demon-
trated how a small training set of 9 ligands could be used to screen
ther ligands based on a ligand map, where they projected a virtual

i
a
r
t

Scheme 2. Heck reaction.

ibrary of ligands to help identify promising candidates for further
creening. They also discussed how a PCA-derived solvent chart
ight be used to optimise reactions. However, their work is mainly

argeted at making predictions and will be discussed in detail in
ection 5.3.

These studies have demonstrated how ligand properties can
e visualised in scatter plots of steric and electronic descrip-
ors, or of projected variables when the underlying database is

ultidimensional. Such maps of ligand space are descendants of
olman’s stereoelectronic map (Fig. 2 [3]) but better access to cal-
ulated descriptors and the possibility of using more dimensions
o describe ligand space and its properties has facilitated the char-
cterization of novel or unusual ligands by relating them to more
amiliar species. The underlying assumption here is that spatial
roximity on a ligand map arises from similar steric and electronic
roperties and that such maps can guide experimental efforts,
ither to focus on areas of ligand space which contain ligands useful
o a specific application, e.g. in catalysis, or to explore regions not
onsidered previously. As indicated in Section 4, ligand properties
ay not be captured reliably by just two descriptors, as they can

e responsive to changes in their coordination environment, and
e would expect projections of larger descriptor sets to be more
eaningful in that respect. Successfully translating such maps into

redictions (of activity, selectivity, properties, etc.) is the logical
ext step in applying calculated ligand descriptors, and this will
e reviewed in the next section.

.3. Prediction of ligand effects

The determination of quantitative structure–activity rela-
ionships (QSAR) and related structure–property (QSPR) and
tructure–selectivity (QSSR) relationships has been a key tool in
edicinal chemistry, where large databases of compounds may

eed to be evaluated for their biological activity in preparation for
igh-throughput screening [106]. Where prediction, rather than

nterpretation and discovery, is the main aim of studying ligand
ffects, both ligand descriptors and analysis methods may be cho-
en according to different criteria. More descriptors are usually
onsidered, with less emphasis on their detailed interpretation in
erms of familiar steric and �/� electronic effects, both because
uch interpretation becomes more complicated as the diversity
f ligand sets increases, and because additional descriptors are
erhaps more likely to capture ligand properties in different envi-
onments, thus giving rise to better models. Often, these descriptors
ave been calculated with very cheap computational approaches to
ive access to large databases, and they may be based on topo-
ogical indices, e.g. assessing the number and size of rings in a
ubstrate, rather than considering the three-dimensional struc-
ure of molecules (see Refs. [104,106,107] and references cited for
verviews and applications of such descriptors). Data analysis often
elies on multivariate regression and projection methods, and for
he resulting models both data fit and quality of predictions need
o be assessed. While multiple linear regression (MLR) models as
cal neural networks (ANN) and genetic algorithms (GA)) as well
s regression models using derived variables (principal component
egression (PCR) and partial least squares (PLS)) are now used rou-
inely in chemical data analysis [43,104,106]. For the simpler linear
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ig. 12. Stereoelectronic map based on Eeff and Seff parameters. Reprinted with perm

egression models, correlation between descriptors can give rise
o a range of models of comparably good fit to the training data,
nd model complexity and prediction errors need to be consid-
red to choose a suitable model [75]. Such prediction errors can be
etermined by fitting models to a subset of the data and assessing
redictions for the results not used in the fitting; several itera-
ions of this with subsets of the data may be used if the overall
ataset is small and resampling approaches such as cross-validation
r the bootstrap have to be used [75]. Any such analysis depends
n the availability of suitable external data, sampling a large and
aried set of compounds. The application of predictive analysis to
rganometallic species and more specifically ligand effects is thus
till very much in its infancy, with most studies seeking to estab-
ish the chosen approach and reporting only limited testing of the
esulting predictions.

While many descriptors used for QSAR studies are two-
imensional and topological, three-dimensional descriptors have
lso been developed to take the molecular geometry into
ccount. Comparative molecular field analysis (CoMFA) [108]
s one such 3D QSAR approach which has been applied
o P-donor ligands [109]. Starting from a suitable molecu-
ar geometry aligned in a standard orientation, the inter-
ction energy between a probe molecule or atom and the

tructure of interest is determined for a three-dimensional
rid surrounding the molecule [110]. Depending on the probe,
his grid captures the steric or electrostatic molecular field and
he interaction energy at each point can be used as a descriptor
n a multivariate regression model, usually partial least squares

t
t
a
s

of the copyright holders from Ref. [72]. Copyright 2007 American Chemical Society.

PLS). Steinmetz used a standard CoMFA approach to calculate
teric and electrostatic fields for a set of 36 P-donor ligands
ith a variety of substituents [109]. He then derived PLS models

or 6 experimental data sets (thermodynamic and kinetic; ligand
xchange reactions for 6 different metal centres), which spanned
etween 8 and 19 ligands and compared the performance of these
odels with regression models based on cone angles � and the

3C NMR descriptor ı tabulated by Brown and Lee (see above)
34]. Models were assessed mainly by their squared correlation
oefficient, R2, and the squared cross-validated correlation coef-
cient, Q2. The CoMFA models gave acceptable model fit with
2 between 0.748 and 0.957, but poorer predictive performance
Q2 between −0.044 and 0.644) than models based on � and ı
R2 0.706–0.944, Q2 0.345–0.896). This was related to the small
ize of the experimental data sets and poor sampling of param-
ter space. To establish the validity of the approach, Steinmetz
orrelated the CoMFA field with these descriptors and Brown’s
alculated ER [34,54] (R2 = 0.924–0.953, Q2 = 0.681–0.768). While
his work demonstrated that CoMFA can be applied to inorganic
ystems and established a relationship between molecular fields
nd familiar ligand descriptors, the small size of datasets hampered
more detailed assessment and models gave quite poor predictive
erformance when compared by cross-validation error estimates.
A mixture of QSAR and semi-empirical calculations were used
o generate descriptors for another exploratory study of mul-
ivariate analyses applied to 45 P-donor ligands, in this case
imed at experimental design [101]. These descriptors only con-
idered the free ligands and were initially assessed with principal
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omponent analysis (see Section 5.2 above) to design a training
et of ligands which sampled properties widely and evenly. PLS
egression models using two latent variables were then derived
or this training set with two experimentally determined IR fre-
uencies (of A1 and E symmetry for Ni(CO)3L in CH2Cl2) as the
esponses (R2 = 0.890 and 0.885, respectively). The models were
valuated by cross-validation (root mean square error of predic-
ion, RMSEP = 3.09 and 4.18 cm−1 for �A1 and �E, respectively) and
rediction of a test set of 12 ligands (RMSEP = 3.60, 5.09 cm−1).
ased on these models, predictions were made for all 39 lig-
nds and descriptor contributions were analysed. The authors
lso discussed the link between their descriptors and familiar lig-
nd properties such as electron donation/back-donation and steric
ffects.

Drawing on 708 traditional and semi-empirical QSPR descrip-
ors, Bosque and Sales explored the use of different regression mod-
ls for the prediction of 31P NMR chemical shifts for 291 P-donor
igands with alkyl and aryl substituents [111]. Based on extensive

odel evaluation and testing, they determined that models with
even descriptors would be ideal and used linear regression, neu-
al networks and genetic algorithms to explore different models.
hese models were evaluated by their regression coefficients, cross-
alidation error estimates and predictions for an external test set
f 30 phosphines. The most advanced neural network/genetic algo-
ithm approach gave the best predictive performance (R2 = 0.951,
2(CV) = 0.900, R2(test) = 0.953, training set error = 9.5 ppm, test
et error = 11.3 ppm), suggesting that the NMR chemical shifts
an indeed be predicted from descriptors of the molecular struc-
ure. As achieving such good prediction was the main focus
f this work, descriptor interpretations were not discussed in
etail.

As described above, Rothenberg and co-workers have calcu-
ated 80 structural and electronic descriptors for P-donor ligands
nd solvents and used these in maps (Section 5.2) as well as PLS
odels with turnover numbers (TON) and turnover frequencies

TOF) extracted from the literature for palladium-catalysed Heck
eactions (Scheme 2 [105]) as the response data. The 500 reac-
ions they considered were carried out under different conditions
nd they observed clustering according to such conditions, which
revented them from optimising ligands and solvents within the
ame model. In a later publication, they applied a similar approach
o a set of 412 Heck reactions [103]. They used neural networks
o derive the models and analysed descriptor contributions in
reater detail. They then applied the models to screen a virtual
ibrary of 60,000 reactions derived from 61 new ligands com-
ined with different substrates, catalyst precursors and reaction
onditions. They found that non-linear regression techniques gave
etter models and presented some mechanistic interpretations
f the descriptor contributions, relating the importance of palla-
ium loading in the model to the formation of inactive palladium
lusters.

A QSAR model has been derived to explore ligand effects
n ruthenium catalysed alkene metathesis (Scheme 3 [112]),
sing calculated catalyst productivity as the response variable

113]. While the main focus was on N-heterocyclic carbene lig-
nds, 16 P-donor ligands were also considered. The response
as determined by calculating the energy differences between

ey species along the reaction coordinate with DFT for a rep-

Scheme 3. Alkene metathesis.
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Scheme 4. Hydroformylation.

esentative subset of ligands, including 6 P-donor ligands. The
odel used a combination of standard QSAR-type topologi-

al descriptors and DFT-calculated descriptors relevant to the
uthenium catalysts with partial least squares regression, and
ood model performance with errors around 1 kcal mol−1 for
four variable model is reported (RMSE(CV) = 0.77 kcal mol−1,

MSEP = 0.53 kcal mol−1). The authors attributed the success of
heir approach to the inclusion of highly reaction-specific descrip-
ors. They have successfully related some of their descriptors to
he mechanism of reaction and the stabilisation of the metal-
acyclobutane intermediate, and hence suggested a number of
arbene ligands for further development. Recently Jensen has
resented more detailed studies of the mechanism of rhodium-
atalysed hydroformylation (Scheme 4) for 11 ligands, including

P-donor ligands [114]. These results have also been used in
tructure–activity relationships aimed at separating steric and elec-
ronic effects by using Tolman’s descriptors (cone angle � and
EP/�) for the P-donor ligands to derive linear regression models
or the reaction barrier of key steps. In addition, reaction barri-
rs were calculated for three novel ligands, including P(OCF3)3,
o assess their effect on the reaction pathway and hence their
uitability.

As discussed previously, the descriptors in our ligand knowl-
dge base LKB-P (Table 3) [74,75] can be used in a variety of ways,
xploring correlations between individual descriptors and other
igand parameters or experimental data (Section 3), deriving maps
f ligand space (Section 5.2) or developing predictive models with
variety of approaches (this section). When designing the descrip-

ors for this knowledge base [74], we wanted to achieve robust and
eliable calculations to facilitate future expansions and automation
computational robustness), as well as covering a range of rele-
ant and varied chemical environments to ensure that descriptors
nd results are transferable (chemical robustness). In addition, we
ave sought to achieve statistical robustness by using approaches
uitable for uneven sampling and small datasets [74,75]. Simi-
ar considerations have shaped the design of a knowledge base
or chelating ligands [76]. However, suitable experimental data
emains limited and sampling of chemical space is often uneven, so
n the testing of this approach we have favoured simple linear and
obust regression models with the aim of developing robust predic-
ive models which remain chemically intuitive [75]. By capturing
igands in a range of chemical environments, steric and elec-
ronic properties are implicit in the LKB-P descriptors and we have
emonstrated the transferability of these parameters by deriving a
ange of models for structural, spectroscopic and thermodynamic
esponse data [74], including a more detailed comparison of statisti-
al models for the TEP [75]. These models gave very high regression
oefficients (R2 = 0.988–0.998) and good prediction error estimates
hrough cross-validation and bootstrap methods [74], confirming
he chemical robustness of the descriptors. The varied range of
pplications discussed here and in the preceding sections illustrate
hat our initial aims in the design of this knowledge base have been
et and that a range of descriptors derived from relevant and var-
ed coordination environments is most likely to capture the ability
f some ligands to respond by changing their steric and electronic
roperties.
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. Conclusions

This review has sought to summarise the current state
f calculated ligand descriptors for phosphorus donor ligands,
ncluding our understanding of the electronic contributions to

etal–phosphorus bonding derived from computational studies.
oving the quantitative assessment of ligand properties away from

experimental” parameters such as those described by Tolman [3]
owards calculated descriptors opens up new applications in the
esign and discovery of novel ligands as well as suggesting a new
take” on known ligands by contextualising their properties on lig-
nd maps. A number of examples of such applications have been
eported in the literature recently and are reviewed here, and the
ost/gain balance for large-scale computational studies continues
o improve in favour of such developments.

It is thus tempting to speculate on the extension of such
pproaches to other ligand types and indeed some of the
ork discussed here also covers other ligand classes (see for

xample [8,32,33,36,54,65,77,79,93,107,113–115]) and work on N-
eterocyclic carbene (NHC) ligands has been reviewed [8,10,41].
or many calculated descriptors, such an extension is reasonably
traightforward and simply involves additional calculations with
ther ligand classes, e.g. TEP-related descriptors can be calculated
or many other neutral and indeed charged ligands [36,79]. Other
escriptors may be less transferable, e.g. it has been suggested that
spherical measure of sterics does not capture the asymmetric

istribution of steric bulk encountered in NHC ligands well [8,10]
nd our own work on developing descriptors for P,P- and P,N-donor
helating ligands (LKB-PP) highlighted that Pt(0)-N bonding is too
eak to derive suitable descriptors from [(PH3)2Pt{LL}] complexes

76] analogous to our monodentate LKB-P [74]. Even when the cal-
ulations are feasible, inherent differences in bond strengths and
engths may need to be taken into account by calculating descrip-
ors relative to a reference ligand of each class rather than absolute
alues [76]; otherwise projection methods (e.g. PCA) and regres-
ion models may be dominated by such changes in bonding and fail
o capture relevant ligand properties where ligands are spectators.
evertheless, such issues can and will be overcome, and we look

orward to future developments in this area, giving rise to maps and
odels for multiple ligand classes and hence extending the scope

or ligand design and discovery.
However, the limited availability of suitable experimental data

or testing and indeed challenging such maps and models remains a
onsiderable handicap, especially where experimental sampling of
igands is limited to a subset of popular alkyl- and aryl-phosphine
igands, with little consideration given to more exotic ligand archi-
ectures, perhalogenated ligands and mixed substitution patterns
ith OR and NR2 substituents, nor indeed other ligand classes

uch as NHC ligands. Much of the work reviewed here hints at the
mportance of even and extensive sampling of ligand space, both in
chieving more reliable and transferable models and predictions,
nd in order to open up new opportunities in ligand design and dis-
overy. We hope that an overview of the available computational
escriptors will help in realising this potential.
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