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Abstract 
Ligands, especially phosphines and carbenes, can play a key role in modifying and controlling 

homogeneous organometallic catalysts, and they often provide a convenient approach to fine-tuning 

the performance of known catalysts. The measurable outcomes of such catalyst modifications (yields, 

rates, selectivity) can be set into context by establishing their relationship to steric and electronic 

descriptors of ligand properties, and such models can guide the discovery, optimisation and design of 

catalysts.  

In this review we present a survey of calculated ligand descriptors, with a particular focus on 

homogeneous organometallic catalysis. A range of different approaches to calculating steric and 

electronic parameters are set out and compared, and we have collected descriptors for a range of 

representative ligand sets, including 30 monodentate phosphorus(III) donor ligands, 23 bidentate P,P-

donor ligands and 30 carbenes,  with a view to providing a useful resource for analysis to practitioners. 

In addition, several case studies of applications of such descriptors, covering both maps and models, 

have been reviewed, illustrating how descriptor-led studies of catalysis can inform experiments and 

highlighting good practice for model comparison and evaluation. 
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1. Introduction 
The development of homogeneous (organometallic) catalysts has turned a significant corner in the 

last decade: not only does the field now make frequent use of computational mechanistic studies to 

confirm hypotheses about likely reaction pathways,1-8 but researchers have also embraced data-led 

approaches, combining large-scale experimentation with suitable descriptors to fit statistical models, 

for the discovery, optimisation, and indeed design of catalysts for a broad range of reactions.9-15 

This should not come as a surprise, as it builds on a long tradition of using stereoelectronic parameters, 

Tolman’s perhaps most prominently among them,16 in this field.17 Homogeneous catalysis is not (yet) 

data-rich enough to be considered amenable to “Big Data” approaches,18-21 and machine-learning 

approaches, while used in this area,9, 22-25 are still very much in their infancy,26 but this provides a 

convenient opportunity to survey and collate available descriptors. 

The role of computational mechanistic studies in the design and optimisation of catalysts will be 

reviewed in detail elsewhere (Mu-Hyun Baik et al., this issue), and here we have focussed on providing 

a survey of calculated descriptors (the term “parameters” tends to be used interchangeably in the 

present reviewa) focussed on the ancillary ligands used to fine-tune the properties of transition metal 

centres known to provide active catalysts. In addition, we have favoured relatively large-scale studies 

of ligand effects on catalyst properties and performance, as well as those with explicit experimental 

applications that seek insights leading to reaction optimisation and catalyst design. Our main focus is 

on two “blockbuster” classes of ligands, the family of mono- and bidentate phosphines and related 

phosphorus(III)-donor ligands, as well as carbenes; a brief list of descriptor-based approaches to other 

ligands has been included in section 2.4. Many aspects of this field have been reviewed previously and 

each section highlights relevant reviews and seeks to avoid excessive overlap; in practice, that means 

studies considered here have been published in the last decade, with most falling within the last 5-6 

years. Where we have compiled descriptor data, we have cast a wider net, both in terms of publication 

date and by including experimentally-determined descriptors where these are standard references in 

the field. 

Despite the title of this review, the term “catalyst design” appears to mean many things to many 

people. Identified by Houk and Liu as one of the “holy grails” of computational organic chemistry and 

biochemistry,28 perhaps the best-case scenario will see an entirely computational process leading up 

to a single experiment. This would most likely combine mechanistic study with data analysis and 

predictions from some form of regression model, fitted by humans or machine-learned, which leads 

to a reliable suggestion of a catalyst fitting a user-defined set of selection criteria (such as cost, activity, 

selectivity, availability or toxicity). While there have been considerable successes for computational 

prediction in (organometallic) homogeneous catalysis,1-3 they have usually relied on extensive ground 

work by experimental and computational chemists, as well as benefitting substantially from a 

productive dialogue between experts.12 Timescales for computational analysis and prediction will 

continue to be shortened by growing computational power, comprehensive descriptor databases and 

better approaches to the location and analysis of feasible reaction pathways,29, 30 albeit at 

computational cost, but it seems prudent to acknowledge that catalyst discovery, optimisation and 

                                                           
a The organometallic literature tends towards using the term “parameter”, whereas (molecular) “descriptors” 
are more commonly used in the context of chemical data analysis. As Livingstone puts it: “All parameters are 
thus descriptors, but not vice versa. (27) Livingstone, D. A Practical Guide to Scientific Data Analysis; John 
Wiley & Sons Ltd.: Chichester, West Sussex, PO19 8SQ, UK, 2009.) 
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design are very much convergent fields of research, and here we have included these approaches as 

key application areas for ligand descriptors.  

While we readily acknowledge that computational studies of catalysts can be affected by 

methodological issues around the level of theory, especially deciding which density functional, as well 

as basis set, solvation, dispersion and free energy effects are likely to give reliably good agreement 

with available experimental data,3, 31-34 ligand descriptors are designed to capture trends in ligand 

properties, such that method choices matter less,20 as long as the approach is computationally 

consistent and robust.35 Subtle variations in electronic effects are much more likely to require 

calculations at a higher level of theory and on complexes specific to the catalytic process of interest, 

than a broad and transferable comparison of catalyst properties. Throughout this review we will thus 

note the level of theory used, but not discuss this aspect in detail. 

With a view to facilitating data analysis and the sharing of workflows and statistical models for catalyst 

optimisation, discovery and design, we have compiled published data, from both experimental and 

computational studies, for a representative subset of our “blockbuster” classes of ligands, i.e. 

phosphorus(III) donor and carbene ligands. These ligands are summarised in Table 1. They were 

selected to reflect experimental utilisation and commercial availability of ligands, (our) access to 

ligand descriptors, as well as applications to catalysis, and they are by no means complete; where 

additional ligands have been computationally characterised, we have mentioned this throughout the 

review. We also note that there are some inconsistencies in ligand naming across the published 

literature and suggest strongly that the molecular structures listed here are used as the main approach 

to determining what is meant, rather than relying overly on names/abbreviations. 

Table 1: Representative ligand sets for which experimental and calculated descriptors have been 

compiled. 

a) Monodentate P(III)-Donor Ligands 

 

Ligand R Ligand R 

P1 H P11 OMe 

P2 Me P12 OEt 

P3 Et P13 OPh 

P4 iPr P14 C6F5 

P5 nBu P15 F 

P6 tBu P16 o-tol 

P7 Cy P17 p-tol 

P8 Ph P18 p-F-C6H4 

P9 Bn (CH2Ph) P19 p-Cl-C6H4 

P10 NMe2 P20 p-OMe-C6H4 

 

 

Ligand R R' 

P21 Me Ph 
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P22 Ph Me 

P23 Et Ph 

P24 Ph Et 

P25 Ph OMe 

 

 

Ligand Name R R2 R3 R4 

P26 JohnPhos tBu H H H 

P27 CyJohnPhos Cy H H H 

P28 MePhos Cy CH3 H H 

P29 SPhos Cy OMe OMe H 

P30 XPhos Cy iPr iPr iPr 

 

b) Bidentate P,P-Donor Ligands 

 
 

 Ligand R 

PP1 Ph 

PP2 Me 

PP3 tBu 

PP4 F 

 
Ligand R 

PP5 H 

PP6 Me 

 
Ligand R 

PP7 Me 

PP8 Ph 

PP9 tBu 

PP10 OMe 

PP11 Cy 

 
Ligand R 

PP13 Me 

PP14 Ph 

PP15 F 

PP16 tBu 
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c) Carbenes 

 

Ligand Acronym R X 

C1 - H CH2 
C2 SIMe Me CH2 

C3 SIiPr iPr CH2 
C4 SIPh Ph CH2 
C5 SIPr 2,6-(iPr)2-C6H3 CH2 
C6 SIMes 2,4,6-(Me)3-C6H2 CH2 
C7 SIXy 2,6-(Me)2-C6H3 CH2 
C8 - H CH 
C9 IMe Me CH 
C10 IiPr iPr CH 
C11 ItBu tBu CH 
C12 ICy Cy CH 
C13 SIPh Ph CH 
C14 IBn CH2Ph CH 
C15 IPr 2,6-(iPr)2-C6H3 CH 
C16 IMes 2,4,6-(Me)3-C6H2 CH 
C17 IXy 2,6-(Me)2-C6H3 CH 
C18 IAd 1-Ad CH 
C19 MeIMe Me C(CH3) 
C20 FIMe Me C(F) 
C21 ClIMe Me C(Cl) 
C22 NO2IMe Me C(NO2) 
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Ligand Abbreviation used 

C23 BImN(Me)2 (acronym: BMe) 

C24 Py(b)ImN(Me)2 

C25 Dpylm 

C26 IBioxMe4 

C27 PerN(iPr)2 

C28 ThNMe 

C29 OxNMe 

C30 BOxNMe 

 

2. Ligand Descriptors 

2.1 Monodentate Phosphorus(III)-Donor Ligands 
Ligands with a phosphorus(III) donor atom enjoy persistent popularity for organometallic and 

coordination chemistry.36-42 Key representatives of this class of ligands coordinate transition metals 

well, and they have been tested in a broad and varied range of catalytic cycles, with a particular focus 

on the late transition metal complexes active for cross-coupling,42-48 hydrogenation,49, 50 

hydroformylation38, 51-53 etc. Beyond their experimental utility, these ligands have been characterised 

with perhaps the most extensive range of calculated descriptors of their steric and electronic 

properties, suggesting a fertile environment for data-led studies in this field. A range of reviews have 

touched on the importance of quantitative approaches to this area, both by us12, 17, 20, 54 and other 

groups,13, 14, 51, 55, 56 and here we have focussed on descriptor updates and modifications described or 

applied from around 2012 onwards, albeit mentioning older studies to set these into context.  

2.1.1 Individual Descriptors 

There is an obvious appeal in identifying simple, usually linear, relationships between one or just a 

few steric and electronic parameters and an experimental measurement: visualisation is usually 

straightforward, making it easy to identify and understand trends, as well as attempting prediction.36, 

39 The use of individual descriptors of P-donor ligands received a considerable boost with the 

publication of Tolman’s seminal review,16 which compiled data from infra-red (IR) spectroscopical 

measurements on a tetrahedral nickel complex ([Ni(CO)3L]) 1, as well as describing 

and presenting a steric measure for these ligands. The former, IR-derived, descriptor 

is now commonly referred to as the Tolman Electronic Parameter (TEP), while the 

latter tends to be called the Tolman Cone Angle (TCA), and both continue to inform 
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ligand selection,17 as well as inspiring the development of alternative, calculated descriptors, as 

demonstrated below.  

2.1.1.1 Electronic Descriptors 

Tolman’s keystone review16 focussed on the highest CO stretch, of A1 symmetry, measured in the IR 

spectrum of [Ni(CO)3L] complexes 1 and used that as a proxy for the strength of the metal-ligand 

interaction. Due to the cone-like shape of both PR3 ligands and the Ni(CO)3 metal fragment, this was 

considered to be largely free of steric effects for any but the largest ligands, and to capture the net 

electron donation from the ligand to the metal centre, modifying the strength, force constant and so 

stretching frequency of the CO bonds.  

With growing computational resources, it became possible to calculate this parameter on a relatively 

large scale,17 either with density functional theory (DFT, initially reported as the Calculated Electronic 

Parameter, CEP),57 or with semi-empirical calculations on a different complex ([trans-RhL2(CO)Cl], 

labelled as the Semi-empirical Electronic Parameter, SEP),58 and such calculations opened up the 

possibility of considering novel, toxic and unstable compounds.57 As set out in a number of earlier 

studies (see for example references 57-59) and reviews,17, 54, 55 carbonyl stretching frequencies and 

related measures of net electron-donation derived from a range of different metal carbonyl 

complexes tend to correlate highly and have thus been used almost interchangeably, and indeed 

across different ligand classes, as discussed by Gusev.59 We have collated some representative 

examples for our ligand set in Table 2, all rounded to 4 significant figures in recognition of instrumental 

limitations and computational noise (note that data in the accompanying spreadsheet (ESI) are 

included as quoted in the relevant publications). Indeed, recent analyses of experimental36 and 

calculated60 data have used IR-derived descriptors (TEP and phosphine oxides) to capture ligand 

electronic effects. 
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Table 2: Infra-red stretching frequencies (cm-1) and related descriptors, for monodentate P(III)-donor ligands (see Table 1a for ligand details), measured 

experimentally or calculated. P24 & P25 excluded due to lack of data. TEP values in bold are from reference 61. All data rounded to 4 significant figures. 

         Ni(CO)3Lg Ir(Cp)(CO)L g  

Ligand No. Phosphine Ligand TEPa CEPb SEPc Ni stretchd Au stretch d  (LTEP) Wa
e (MLEP) Wa 

f v(CO) Calc v(CO) Exp v(CO) Calc 

P1 PH3 2083 2171 - 2031 2166 2130 2130 2082 2083 2060 
P2 P(Me)3 2064 2152 2102 2011 2145 Multiple values 2106 2065 2064 2037 
P3 P(Et)3 2062 - 2105 - - - 2123 20623 2062 2034 
P4 P(iPr)3 2060 - 2096 - - - - 2059 2059 2032 
P5 P(nBu)3 2060 - 2106 - - - - - - - 
P6 p(tBu)3 2056 - 2084 1999 2123 - - 2055 2056 2028 
P7 P(Cy)3 2056 - 2104 2000 2125 - - 2057 2056 2032 
P8 P(Ph)3 2069 - 2123 - - - 2103 2068 2069 2049 
P9 P(Bn)3 2066 - 2120 - - - - - - - 
P10 P(NMe2)3 2062 2151 - - - - 2108 - - - 
P11 P(OMe)3 2080 2171 2160 - - 2119 2118 2080 2080 2059 
P12 P(OEt)3 2076 - 2161 - - - - 20798 2076 2055 
P13 P(Oph)3 2085 - 2156 - - - - - - - 
P14 P(C6F5)3 2090 - 2127 - - - 2126 - - - 
P15 PF3 2111 2201 2158 2058 2186 2159 2177 2111 2111 2115 
P16 P(o-tol)3 - - 2124 - - - - - - - 
P17 P(p-tol)3 2067 - 2122 - - - - - - - 
P18 P(p-F-C6H4)3 2071 - - - - - - - - - 
P19 P(p-Cl-C6H4)3 2073 - - - - - - - - - 
P20 P(p-OMe-C6H4)3 2066 - - - - - - - - - 
P21 P(Ph)(Me)2 2065 - 2108 - - - - 2067 2065 2045 
P22 P(Me)(Ph)2 2067 - 2121 - - - - 2067 2067 2043 
P23 P(Ph)(Et)2 2064 - - - - - - - - - 
P26 JohnPhos - - - 2001 2115 - - - - - 
P27 CyJohnPhos 2056h - - - - - - - - - 
P28 MePhos 205 h - - - - - - - - - 
P29 SPhos 2054h - - - - - - - - - 
P30 XPhos 2053h - - - - - - - - - 

a References 16, 61; b reference 57; c reference 58; d reference 62; e reference 63; f reference 64; g reference 59; h reference 61. 
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The group of Cremer63 reviewed such prior work, as well as related descriptors, in a 2014 study and 

queried the validity of using normal vibrational modes from experimental measurements or 

calculations, as these couple with the M-C stretching modes, making it more difficult to isolate the net 

electronic effects of different ligands on the CO bond strength, as bond length and strength cease to 

be directly related. Using DFT calculations (with a focus on M06/aug-cc-pVTZ data), they determined 

the contribution of this coupling in a range of metal carbonyls and introduced a local TEP (LTEP) 

derived from the nickel tricarbonyl complexes used most commonly, considering 42 representative 

ligands across a range of different chemistries, including 8 P-donor ligands and 2 simple, acyclic 

carbenes. This mode-decoupled descriptor is designed to capture the CO bond strength more 

accurately than parameters based on normal modes, facilitating the comparison of different ligand 

classes (an issue explored in greater detail below). They presented local CO stretching frequencies 

(LTEP ωα) and force constants (LTEP κα) for the nickel carbonyl complex and processed these to give a 

general LTEP descriptor (LTEP n) capturing bond orders, suitable for the comparison of different ligand 

types. They provided detailed analyses of data and molecular orbitals to set their conclusions into 

context, as well as demonstrating how LTEP descriptors can also allow comparison of the electronic 

influence of different transition metal centres.  

Following on from their study reported in 2014,63 Cremer and co-workers later reported a more 

extensive analysis of ligand properties using 181 [Ni(CO)3L] complexes 1,64 capturing a wider range of 

steric properties as well as additional ligand classes, again using local vibrational modes. Their ligand 

set included 20 P-donor and 15 carbene ligands. From their analysis of the relationship between Ni-L 

and CO bond strengths, they concluded that their LTEP ωα descriptor is insufficient for this larger 

dataset, and proposed a new electronic parameter, MLEP (κα (Ni-Y)), calculated from local stretching 

force constants. While experimental data could be used to determine MLEP, they provided 

calculated data for all ligands considered based on M06/aug-cc-pVTZ geometries; they also noted 

that other DFT approaches would give similar results. In line with their earlier work, they explored 

further simplification by using relative bond strength orders, showing high linear correlations 

between the descriptors across all ligand classes considered. They indicated that these descriptors 

implicitly capture steric effects, arguing that while the C-Ni-L bending force constant gives an 

indication of steric hindrance, there is no need for this as overall ligand effects have been captured 

already. While both this64 and a recent Perspective article from this group65 hinted at planned 

extensions to other M-L interactions, we have not been able to locate further published data which 

might lead to a more general measure of ligand properties. 

Also in 2014, the groups of Ciancaleoni and Belpassi62 reviewed whether the relationship between CO 

stretches derived from different transition metal complexes could always be described by a simple 

linear relationship, highlighting some important failures, especially where different ligand types were 

considered together. They were particularly interested in gold carbonyl complexes ([(CO)AuL]+/0) and 

used charge displacement analysis to assess and compare the net charge transfer (CT) with calculated 

electronic parameters (BLYP/TZ2P) for their gold, as well as the standard nickel carbonyl complexes 1, 

considering a range of ligands, including 10 mixed alkyl- and aryl-phosphines and 4 N-heterocyclic 

carbenes (NHCs). This analysis shows that while the relationship between TEP and ligand net donor 

ability is strong for the nickel complex across different ligand classes, this is not the case for the gold 

carbonyl, leading them to suggest that the CO stretch is no longer a good measure of ligand donor 

ability in this complex. Interestingly, this is not revealed by a scatter plot of calculated CO frequencies, 

instead requiring charge decomposition analysis. Detailed orbital and charge analyses have been used 

to justify these observed differences in the interactions between ligands and different metal 

complexes. While this highlights the importance of considering the coordination environment when 
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assessing ligand properties, it also suggests that either a reaction-specific descriptor or more than a 

single electronic parameter may be needed for catalyst design. 

In an effort to develop a simple set of steric and electronic parameters, independent of metal 

coordination for monodentate phosphines and phosphites, a Venezuelan group led by Coll66 have 

analysed local ionisation energies (Imin(r)) derived from DFT geometry optimisations (B3LYP/6-

31++G**) of 43 P-donor ligands, alongside the global minimum of the electrostatic potential proposed 

by Suresh’s group (Vmin(r), see section 2.1.2.1). They observed a high linear correlation between the 

minimum of the local ionisation energy and the TEP, leading them to suggest that this captures the 

polarisability of ligands. They also derived a cone angle measure from these calculations (discussed in 

the next section, 2.1.1.2). 

The interpretation of organometallic and coordination chemistry tends to rely on describing the 

bonding between ligands and metals in terms of bonding interactions with σ- and π-symmetry. A range 

of energy decomposition schemes, previously reviewed in reference 17, have been used to attempt 

to unravel and quantify the contributions made by different types of bond, with a particular focus on 

the extent of π-backbonding in complexes of phosphines. Recent work by Ardizzoia and Brenna67 used 

such an approach, combining the Extended Transition State (ETS) method68 with the Natural orbitals 

for chemical valence (NOCV) approach69, 70 to analyse the σ-donation and π-backdonation components 

of metal-phosphine interactions. From their application of this ETS-NOCV scheme to 41 [Ni(CO)3(PR3)] 

complexes 1, they also identified a σ-backdonation term. They fitted a multivariate regression model 

based on three descriptors, 𝐸𝜎
𝑑, 𝐸𝜋

𝑏𝑑 and 𝐸𝜎
𝑏𝑑, to predict the TEP and so derived a single electronic 

parameter, Tphos. In addition, they explored substituent effects on Tphos, updating Tolman’s work for 

predicting TEP data by adding substituent contributions to a computational approach. For a subset of 

ligands, they also derived a steric parameter, discussed below (section 2.1.1.2). 
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Table 3: Individual descriptor data for monodentate P(III)-donor ligands (see Table 1a for details of ligands). Ligands P16 and P27-30 excluded from this table due to a lack of published data.  

  LTEPa 
MLEPa 

Coll et al. b Ciancaleonic Ardizzoia and Brennad 

Ligand No. Phosphine Ligand 

κα  
(C≡O) 

(mdyn Å−1) 
n (BSO) 
(C≡O) 

κα  

(Ni-Y) 
(mdyn Å−1) 

ωα  

(Ni-Y) (cm-

1) 
n (BSO)  
(Ni-Y)  

κα 

(C≡O) 
(mdyn Å−1) 

Imin(r) vdW 
(eV) 

Vmin(r) vdW 
(kcal mol-1) 

CT 
(Ni) 

CT 
(Au) 

𝑬𝝈
𝒅 

(kcal 
mol-1) 

𝑬𝝅
𝒃𝒅 

(kcal 
mol-1) 

𝑬𝝈
𝒃𝒅 

(kcal 
mol-1) 

Tphos 
(cm-1) 

P1 PH3 18.33 2.4 0.90 274.60 0.43 18.33 0.287 17.94 0.02 0.26 - - - - 

P2 P(Me)3 
Multiple 
values 1.07 299.80 0.51 17.92 

 
0.241 -26.72 0.09 0.33 -25.83 -13.04 -5.43 

-13.56 

P3 P(Et)3 - - 0.99 288.90 0.48 18.03 0.228 -28.42 - - -28.03 -13.56 -5.76 -16.00 

P4 P(iPr)3 - - - - - - 0.222 -27.17 - - - - - - 

P5 P(nBu)3 - - - - - - 0.226 -29.24 - - -25.79 -12.11 -5.01 -15.89 

P6 p(tBu)3 - - - - - - 0.220 -25.48 0.11 0.4 -24.49 -11.11 -3.93 -15.43 

P7 P(Cy)3 - - - - - - 0.227 -27.99 0.11 0.43 - - - - 

P8 P(Ph)3 - - 0.99 288.40 0.48 17.87 0.250 -21.28 - - -22.73 -13.45 -5.61 -6.96 

P9 P(Bn)3 - - - - - - - - - - -22.69 -13.75 -5.12 -7.18 

P10 P(NMe2)3 - - 0.96 284.10 0.46 17.94 0.241 -24.76 - - -25.23 -13.74 -4.57 -12.72 

P11 P(OMe)3 18.14 2.383 1.13 308.40 0.54 18.12 0.281 -24.46(-27.82) - - -23.35 -17.43 -6.17 0.05 

P12 P(OEt)3 - - - - - - 0.283 -28.86(-29.97) - - -24.09 -16.9 -5.79 -2.88 

P13 P(Oph)3 - - - - - - 0.307 -14.81(-18.97) - - -21.03 -20.02 -5.53 7.77 

P14 P(C6F5)3 - - 0.74 250.00 0.36 18.26 0.313 -6.65 - - -16.42 -15.7 -5.91 8.93 

P15 PF3 18.83 2.445 1.26 325.90 0.60 18.11 0.380 6.79(-8.56) 0.09 0.21 -18.99 -30.63 -8.19 35.08 

P17 P(p-tol)3 - - - - - - 0.244 -24.11 - - -23.29 -13.17 -5.58 -8.51 

P18 P(p-F-Ph)3 - - - - - - 0.264 -15.32 - - -21.95 -13.75 -5.48 -5.24 

P19 P(p-Cl-Ph)3 - - - - - - 0.265 -14.35 - - -21.79 -14.17 -5.66 -3.89 

P20 P(p-OMe-Ph)3 - - - - - - 0.240 -25.72 - - - - - - 

P21 P(Ph)(Me)2 - - - - - - 0.246 -24.39 - - -24.76 -13.2 -5.12 -11.89 

P22 P(Me)(Ph)2 - - - - - - 0.249 -22.93 - - -23.73 -13.59 -5.57 -8.57 

P23 P(Ph)(Et)2 - - - - - - 0.240 -25.76 - - -24.03 -12.38 -5.21 -11.89 

P24 P(Et)(Ph)2 - - - - - - - - - - -23.78 -13.35 -5.38 -8.40 

P25 P(OMe)(Ph)2 - - - - - - - - - - -23.73 -16.06 -5.73 -3.85 

P26 JohnPhos - - - - - - - - 0.07 0.35 - - - - 

a Reference 64; b reference 66; c reference 62;  d reference 67.
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2.1.1.2 Steric Descriptors 

While electronic descriptors are often assessed in terms of their relationship with the TEP or a suitable 

proxy (see above, section 2.1.1.1), several steric descriptors have been proposed since Tolman’s work 

on cone angles,16 and these have been reviewed by a number of authors.17, 54, 71-73 With a view to 

exploring some of the applications of such steric measures for catalyst design, it may be helpful to 

provide a brief summary of how these descriptors can be calculated. 

The Tolman cone angle was originally derived from space-filling models of different ligands in 

[Ni(CO)3L] complexes 1,16 with a Ni-P distance of 2.28 Å, rotating substituents to achieve the smallest 

possible cone angle. Problems with conformational freedom in this approach have been discussed 

extensively and are summarised in reference 17; we note that for those with large computational 

budgets automated approaches such as AARON can now be used to sample multiple conformers even 

across catalytic manifolds.74 Cone angles can be derived from structural coordinates, including from 

DFT-optimised geometries, and a straightforward process for their calculation has been described by 

Smith and Coville.75 In this, a half-cone angle θi is measured for each substituent according to: 𝜃𝑖 =

 𝛼 +  
180

𝜋
𝑠𝑖𝑛−1 (

𝑟𝑣𝑑𝑊

𝑑
), where d is the distance between the metal centre and an atom A on the surface 

of the cone, considered likely to give the larges half-cone angle, α is the P-M-A angle and rvdW is the 

van der Waals radius of A. The half cone angles are then added up according to: 𝜃 =  
2

3
∑

𝜃𝑖

2
3
𝑖=1 . This 

approach has been implemented in the Solid-G programme developed by Guzei and Wendt,76 which 

is currently free to download.77  

Sigman’s group used this Solid-G implementation to generate cone angles for 38 P-donor ligands in 

their analysis of Suzuki reactions.36 The mapping of the average local ionisation energy by Coll’s 

group,66 discussed in the context of electronic parameters above, has also been used to calculate cone 

angles, which were found to correlate highly with Tolman’s data.16 Wu and Doyle considered cone 

angles calculated from molecular mechanics in their analysis of nickel catalysts.39 

Related measures include the exact cone angle,78 which provides a mathematically exact approach to 

determining a cone angle, avoiding selection of a suitable atom A, as well as accommodating different 

metal coordination environments. The group developing this descriptor has published data for more 

than 150 metal complexes derived from B3LYP/6-31G*, using the LANL2DZ basis set on metal-

optimised geometries,78 as well as making a Mathematica package available for download.79 More 

recently, Petitjean has proposed an approach to cone angle calculations,80 which does not rely on 

atomic radii and has been implemented in a freeware programme.81 

An alternative, albeit closely related, steric descriptor is the solid (cone) angle Ω, generally described 

as the area of the shadow cast by a ligand onto a sphere which has the transition metal atom at the 

centre. It was the focus of Guzei and Wendt’s development of the Solid-G programme76 and an exact 

solid angle calculation has been described by Allen and co-workers;82 both have been implemented in 

software available for download.77, 79 An analysis of ligand effects in gold(I) catalysis undertaken by 

the groups of Sigman and Toste37 mentions that the solid cone angle were considered, but did not give 

high correlations with the experimental data in this case.  

Orpen’s S4’ descriptor83 has its origins in crystallography, but was later used by Cundari’s group as a 

computationally convenient measure of ligand steric bulk.58 This descriptor captures the structural 

change in a metal complex due to differences in steric bulk and is calculated as 𝑆4′ =

 ∑ ∠𝑀𝑃𝐴 −  ∑ ∠𝐴𝑃𝐴. It has been incorporated in Bristol’s Ligand Knowledge Bases (LKBs),35 discussed 

below (section 2.1.2.2). 
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Even though the % Buried Volume descriptor, %Vbur, was originally developed for N-heterocyclic 

carbenes (NHCs, see section 2.3.1.2),84, 85 which, due to the more two-dimensional nature of their 

steric demands, were not described well by cone angles, it has been applied to phosphines and 

carbenes72 and merits inclusion here. As with most steric parameters, atomic coordinates from both 

crystallography and calculations can be used, and the descriptor determines what percentage of a 

metal-centred sphere of defined radius is occupied by the ligand.72, 85 Variations in metal-donor 

distance and sphere radius affect this parameter,72 but it has been shown to correlate highly with cone 

angles.72 Cavallo and co-workers have implemented an application for the calculation of %Vbur online,86 

and this has been updated and extended to include topographic steric maps more recently.87, 88 The 

descriptor has been applied in the analysis of Buchwald-type biaryl P-donor ligands by several 

groups.39, 61, 89 In addition, it was used to assess the steric effects of several phosphine and carbene 

ligands on calculated barriers for the copper-catalyzed boracarboxylation of styrene (Scheme 1).60 

 

 

Table 4 lists a range of steric descriptors for our core set of ligands. 

 

Figure 1: Illustration of key Sterimol descriptors used by Sigman; parameterisation of an isopropyl 

group. Reprinted with permission from reference 90. Copyright 2013, American Chemical Society. 

The Sterimol descriptors do not exactly fit the present category of individual descriptors, as they are 

actually a family of five parameters, originally proposed by Verloop (see reference 91 and citation in 

reference 90 for details) for quantitative structure-activity relationships in drug design, but they are 

generally determined and used together. In applications to asymmetric catalysis, Sigman’s group 

found three of these descriptors most useful for chiral ligands,90 B1, B5, and L (Figure 1). These 

describe the minimum width orthogonal to the primary bond (B1), the maximum width along the 

same axis (B5), and the length of the substituent through the primary bond (L). A later study of gold 

catalysis uses the L/B1 average as a single steric parameter for aryl and biaryl phosphine ligands.37 

These descriptors have been summarised in Table 5. A study of copper-catalysed asymmetric 

conjugate addition by the groups of Paton and Fletcher92 also used Sterimol descriptors in their 

analysis (see section 2.1.2.3). 
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Table 4: Individual steric descriptors for P(III)-donor ligands. Ligands P1, P10, P25 and P28 excluded due to lack of data.  

       Exact Cone Angle (°) (Pd)f  Exact Cone Angle (°) (Pt)f Exact Cone Angle (°) (Ni)f 

Ligand No. Phosphine Ligand  
S4 (Cooney) 

(°)a 
S4’(Orpen) 

(°)b %Vbur
c 

Tolman Cone Angle 
(θ)d  

Solid Cone Angle Θ 
(°)e Min  Max Min Max Min Max 

P2 P(Me)3 52 46.6 26.1 118 124 120 - 126 - 125 - 

P3 P(Et)3 35 33.2 32.7 132 143 136 169 143 176 140 171 

P4 P(iPr)3 35 26.1 37.6 160 163 169 177 177 185 173 181 

P5 P(nBu)3 35 28.2 30.4 132 148 143 169 143 176 141 171 

P6 p(tBu)3 17 2.6 42.4 182 182 188 - 196 - 192 - 

P7 P(Cy)3 21 17.9 37.1 170 - - - - - - - 

P8 P(Ph)3 35 27.6 34.5 145 129 170 - 178 - 175 - 

P9 P(Bn)3 40 27.2 - 165 - - - - - - - 

P11 P(OMe)3 63 - - 107 - - - - - - - 

P12 P(OEt)3 61 - - 109 - - - - - - - 

P13 P(OPh)3 76 - 35.4 128 - - - - - - - 

P14 P(C6F5)3 48 - 42.6 184 - - - - - - - 

P15 PF3 64 81.0 - - - - - - - - - 

P16 P(o-tol)3 39 14.6 46.7 194 142 176 208 184 219 180 211 

P17 P(p-tol)3 35 34.3 33.0 145 135 171 - 178 - 175 - 

P18 P(p-F-C6H4)3 - - - 145 129 171 - 178 - 175 - 

P19 P(p-Cl-C6H4)3 - - - 145 129 170 - 178 - 175 - 

P20 P(p-OMe-C6H4)3 - - - 145 139 170 172 178 178 173 175 

P21 P(Ph)(Me)2 47 39.2 - 122 126 149 - 156 - 153 - 

P22 P(Me)(Ph)2 41 33.7 - 136 124 151 - 160 - 156 - 

P23 P(Ph)(Et)2 - - - 136 137 153 173 160 180 157 177 

P24 P(Et)(Ph)2 - - - 140 140 150 169 156 178 153 173 

P26 JohnPhos - - 30.8 181 - - - - - - - 

P27 CyJohnPhos - - - 193 - - - - - - - 

P29 SPhos - - - 208 - - - - - - - 

P30 XPhos - - 48.8 221 - - - - - - - 
a Reference 58; b reference 83; c references 36, 72; d references 71, 36, 78; e reference 82; f reference 78. 
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Table 5: Sterimol descriptors reported in reference 36. (Ligands P1-P2, P10-P15 and P28 omitted due to lack of data.) 

Ligand No. Phosphine Ligand Mean B1  Mean B5 Mean L Mean L/B1 Mean B1*L 

P3 P(Et)3 3.25 4.87 4.88 1.50 15.87 

P4 P(iPr)3 3.61 4.90 5.44 1.51 19.61 

P5 P(nBu)3 4.36 5.94 5.00 1.15 22.26 

P6 P(tBu)3 4.11 4.90 5.42 1.32 22.26 

P7 P(Cy)3 4.19 6.67 6.39 1.52 26.76 

P8 P(Ph)3 4.09 6.28 5.86  1.43 23.98 

P9 P(Bn)3 3.93 7.31 6.77 1.72 26.58 

P16 P(o-tol)3 4.40 6.34 6.15 1.40 27.05 

P17 P(p-tol)3 5.03 7.51 5.86 1.17 29.46 

P18 P(p-F-C6H4)3 4.26 6.97 5.85 1.37 24.96 

P20 P(p-OMe-C6H4)3 5.12 8.41 6.42 1.25 32.88 

P21 P(Ph)(Me)2 3.04 6.34 6.09 2.01 18.49 

P22 P(Me)(Ph)2 3.25 6.33 6.03 1.86 19.61 

P23 P(Ph)(Et)2 3.25a 6.31a 6.04a 1.86a 19.60a 

P24 P(Et)(Ph)2 3.26 6.39 6.00 1.84 19.58 

P26 JohnPhos 3.97 6.11 7.69 1.94 30.58 

P27 CyJohnPhos 4.20 6.27 7.45 1.78 31.27 

P29 SPhos 4.34 7.08 7.76 1.79 33.70 

P30 XPhos 4.32 7.83 9.50 2.20 41.04 
aP23 L/B1 and B1*L are calculated from given values in the ESI of reference 36. 
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2.1.2 Descriptor databases 

Individual steric and electronic parameters can work well for the analysis of experimental data where 

a single effect dominates, facilitating visualisation and the detection of correlations,13, 14, 36 but such 

circumstances are rare in organometallic catalysis and usually a wider range of descriptors need to be 

considered to capture both steric and electronic effects. Where groups with an application-led 

experimental focus are concerned,36, 39 these descriptor databases may well have been compiled from 

a number of different sources, and they can reflect a combination of experimental and calculated 

parameters. Examples of these approaches will be reviewed in greater detail in section 3.2 below. 

Here, our focus will be on databases of calculated descriptors, usually capturing both steric and 

electronic effects, intended to be used together for multivariate data analysis. Such databases have 

usually been developed and curated by the same group, often over a significant length of time, and 

most are featured in earlier reviews of this field,12, 17, 20, 54, 93, 94 allowing us to just give a brief overview 

to set descriptor data into context, and then explore possible applications. The focus of such 

approaches varies, ranging from ligand-focussed databases intended to be transferable to a broad 

range of chemistries,35, 95-97 to data specific to an application of interest39 but also taking in databases 

that apply a consistent computational approach to the analysis of different processes,98-100 in some 

cases facilitating the consideration of several ligand classes.101  

 

2.1.2.1 Molecular Electrostatic Potentials 

Suresh and co-workers have published a substantial body of work focussed on calculated molecular 

electrostatic potentials (MESPs) for P-donor ligands,98, 101-103 from which steric and electronic 

descriptors can be determined as summarised in reference 17. The electronic descriptor corresponds 

to the local minimum of the electrostatic potential, Vmin,102 closely related to the local ionisation 

energies used by Coll and co-workers66 (see section 2.1.1.1). Comparison of QM/MM and QM 

calculations allowed a separation into steric and electronic effects for phosphines, giving rise to the 

Seff and Eeff descriptors respectively, presented in 2007 and summarised in Table 6.98 Similar 

descriptors have been developed for carbenes, as discussed below (section 2.3.2.1).  

The minimum electrostatic potential, Vmin,102 was used by Wu and Doyle as an electronic descriptors 

for analysing nickel catalysts for Suzuki coupling;39 they did not observe strong correlation with their 

experimental data, focussing instead on steric descriptors. 

 

The MESP approach has been applied to first generation ruthenium metathesis catalysts,104 generating 

steric and electronic descriptors for 21 phosphines in two different coordination environments 

relevant to the catalytic cycle (the active catalyst [Cl2(PR3)Ru=CH2] 2 with L = PR3 generated by ligand 

dissociation from the pre-catalyst, and the ethene coordinated complex 3), which have been 

determined at the BP86/def2-TSVPP level of theory. Differences between MESP values at the P 

nucleus for complexes compared to a PH3-coordinated reference have been used as a measure of the 

combined steric and electronic effects (VSE), while frozen structures were used to derive steric 

descriptors (VS), and from these two measures, electronic descriptors (VE) could be determined. 



 

18 
 

Correlations with other steric and electronic descriptors were found to be high, helping to set these 

parameters into context. By relating these descriptors to calculated barriers, the authors were able to 

quantify the importance of steric and electronic effects on key barriers along the reaction pathway, 

allowing them to formulate some general ligand design criteria, highlighting that bulky and electron-

rich phosphines would make the best spectator ligands in this case. A closely-related approach was 

then applied to second generation, carbene-based ruthenium complexes,100 which will be discussed 

in section 2.2.2.1 below, with the relevant data collected in Table 19. 

More recently, this approach has been applied to palladium-catalysed oxidative addition reactions, 

considering a range of ligands and substrates.101 In this study, MESPs have been calculated for 

uncoordinated ligands, including 20 phosphines, as well as for PdL2 and PdL complexes, generating 

descriptors specific to ligands and palladium complexes, intended to relate to catalyst activation. 

These descriptors have then been related to calculated energy barriers for the addition of Ph-X to 

Pd(alkene) complexes across different ligand classes (Scheme 2), supporting catalyst tuning. Again, 

these descriptors have been summarised in Table 19 below, while ligand-only MESP data can be found 

in Table 6. 

Scheme 2: Ligands considered in MESP study of PdL2 and PdL complexes.101 

 

 

 

 

R1,2,3 = H 
R1,2,3 = Me 
R1,2,3 = Et 
R1,2,3 = iPr 
R1,2,3 = tBu 
R1,2,3 = Cy 
R1,2,3 = SiMe3 
R1,2,3 = Thiophene 
R1,2,3 = SMe 
R1,2,3 = Ph 
R1,2,3 = Ph-F 
R1,2,3 = Ph-Cl 
R1,2,3 = Ph-CF3 
R1,2,3 = F 
R1,2 = H, R3 = CF3 
R1,2 = Cl, R3 = Ph 
R1,2 = Cl, R3 = Me 
R1 = H, R2 = Me, R3 = Ph 

X, Y = H, Me 
X, Y = H, F 
X, Y = Me, H 
X, Y = Me, COOMe 
X, Y = Me, CN 
X, Y = Me, NO2 
X, Y = Me, Cl 
X, Y = Me, CF3 
X, Y = Me, F 
X, Y = CF3, H 
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H 
Me 
Et 
Ph 
NH2 
NMe2 
SiMe3 
Br 
Cl 
F 
 

R=  
H 
Me 
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CN 
SiMe3 
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Cl 
CF3 
F 
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Table 6: MESP descriptors for P(III)-donor ligands.98, 101-103 Ligands P9, P14, P19-20 and P25-30 excluded due to lack of data.  

Ligand No. Phosphine Ligand 
Vmin(ONIOM)  
(kcal mol-1)a  

MESP (steric)  
(kcal mol-1)b  

θ MESP  
(°)b 

Vmin (real)  
(kcal mol-1)b 

Eeff  

(kcal mol-1)a  
Seff  

(kcal mol-1)a  

P1 PH3 -28.22 0.0 87 -28.22 0.00 0.00 

P2 P(Me)3 -30.62 -2.4 108 -43.02 12.40 2.40 

P3 P(Et)3 -33.35 -5.1 132 -43.51 10.54 4.79 

P4 P(iPr)3 -37.34 -9.1 168 -44.47 6.71 9.24 

P5 P(nBu)3 - - - -43.71 - - 

P6 P(tBu)3 - - - - 1.95 14.70 

P7 P(Cy)3 -37.83 -9.6 172 -44.99 7.16 9.61 

P8 P(Ph)3 -34.62 -6.4 144 -34.85 -0.13 5.98 

P10 P(NMe2)3 - - - -37.79 - - 

P11 P(OMe)3 - - - -26.12 - - 

P12 P(OEt)3 - - - -27.85 - - 

P13 P(Oph)3 - - - -15.88 - - 

P15 PF3 - - - - - - 

P16 P(o-tol)3 -39.88 -11.7 190 -31.16 - - 

P17 P(p-tol)3 - - - - - - 

P18 P(p-F-C6H4)3 - - - -29.03 - - 

P21 P(Ph)(Me)2 -32.83 -4.6 128 -40.41 7.58 4.61 

P22 P(Me)(Ph)2 -32.47 -4.3 125 -36.76 4.29 4.25 

P23 P(Ph)(Et)2 -33.01 -4.8 129 -40.76 - - 

P24 P(Et)(Ph)2 -35.12 -6.9 148 -37.23 2.11 6.90 
a Reference 98; b reference 103. 

 



 

20 
 

2.1.2.2 Ligand Knowledge Bases 

A consortium of authors based at the University of Bristol, including one of us (NF), have developed 

several so-called Ligand Knowledge Bases (LKBs), capturing ligand effects across a range of 

representative coordination environments with DFT calculations (BP86/6-31G* and LACV3P on metal 

centres). For monodentate P-donor ligands,35, 96 LKB-P descriptors have been harvested from 

calculations on the complexes shown in Figure 2. 

 

Figure 2: Complexes used in LKB-P.35, 96  

Table 7: Descriptors in LKB-P.35, 96 

Descriptor Derivation (Unit) 

Free Ligand 

EHOMO Energy of highest occupied molecular orbital (Hartree) 

ELUMO Energy of lowest unoccupied molecular orbital (Hartree) 

He8_steric Interaction energy between singlet L in ground state conformation and ring of 
8 helium atoms; Ester = Etot(system) – [Etot(He8)+Etot(L)] (kcal mol-1) 

Protonated Ligand ([HL]+) 

PA Proton affinity (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 (kcal mol-1)a 

P-B P-B distance (Å) 

ΔP-A(B) Change in average P-A bond length compared to free ligand (Å) 

ΔA-P-A(B) Change in average A-P-A angle compared to free ligand (°) 

Gold Complexes ([AuClL]) 

Q(Au fragm.) NBO charge on AuCl fragment  

BE(Au) Bond energy for dissociation of L from [AuCl] fragment (kcal mol-1)a 

Au-Cl r(Au-Cl) (Å) 

P-Au r(Au-P) (Å) 

Δ P-A(Au) Change in average P-A bond length in complex compared to free ligand (Å) 

Δ A-P-A(Au) Change in average A-P-A angle compared to free ligand (°) 

Palladium Complexes ([PdCl3L]-) 

Q(Pd fragm.) NBO charge on [PdCl3]- fragment 

BE (Pd) Bond energy for dissociation of L from [PdCl3]- fragment (kcal mol-1)a 

Pd-Cl trans r(Pd-Cl), trans to ligand (Å) 

P-Pd r(Pd-C) (Å) 

Δ P-A(Pd) Change in average P-A bond length compared to free ligand (Å) 

Δ A-P-A(Pd) Change in average A-P-A angle compared to free ligand (°) 
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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 (kcal mol-1)a 

P-Pt P-Pt distance (Å) 

ΔP-A(Pt) Change in average P-A bond length compared to free ligand (Å) 

ΔA-P-A(Pt) Change in average A-P-A angle compared to free ligand (°) 

<(H3P)Pt(PH3) Average (H3P)Pt(PH3) angle (°) 

Cumulative 

S4' calc (Σ <ZPA – Σ <APA), where Z=BH3, [PdCl3]-, [Pt(PH3)3], [AuCl] (°) 
a BE = [Etot(fragment)+Etot(L)]-Etot(complex) 

 

The full set of 28 LKB-P descriptors is listed in Table 7 and includes some single-effect parameters, 

such as the He8_steric, S4’ calc steric descriptors, and frontier molecular orbital energies and proton 

affinities (EHOMO and PA are related to the phosphorus lone pair, while ELUMO generally aligns with the 

likely acceptor orbital for M-L backbonding).105 In addition, the database contains a range of measures 

of the ligand and fragment responses to BH3 adduct formation and metal coordination by [AuCl], 

[PdCl3]- and [Pt(PH3)3]. These descriptors will be affected by both steric and electronic effects, but their 

interpretation can be facilitated by analysing their relationship with the single-effect parameters 

above. These were selected to be computationally and chemically robust, making them generally 

straightforward to calculate, as well as representative and transferable to different coordination 

environments. 

To date, descriptors for 366 monodentate P-donor ligands have been published,35, 96, 97, 106 with further 

data held in-house. Correlations with other descriptors for this class of ligands have been explored,17, 

35, 96 and the descriptors have been used individually (multivariate linear regression, MLR) and in 

derived variables (in partial-least squares and principal component regression, PLSR and PCR 

respectively) to fit more sophisticated models for the prediction of TEP,95 as well as the interpretation 

and prediction of experimental and calculated data.35, 96 In addition, descriptors have been processed 

with Principal Component Analysis (PCA) to facilitate visualisation of the data; this will be discussed 

further in section 3.1 below. We also note that one of the LKB-P descriptors, the Au-Cl distance, has 

been used recently in an analysis of gold(I) catalysts by the groups of Toste and Sigman, discussed in 

section 3.2 below.37  

Table 8 summarises a subset of descriptors for monodentate P-donor ligands from LKB-P, with the full 

set included in the ESI. 
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Table 8: Subset of LKB-P descriptors (see ESI for full dataset for these ligands).35, 95, 96 

Ligand No. Phosphine Ligand EHOMO ELUMO PA He8_steric S4' calc BE(B) P-B BE(Au) P-Au Au-Cl BE (Pd) P-Pd Pd-Cl trans BE(Pt) P-Pt 

P1 PH3 -0.246 0.000 190.60 2.30 66.9 26.10 1.941 58.40 2.257 2.288 29.10 2.244 2.357 8.80 2.328 
P2 P(Me)3 -0.190 0.033 233.00 3.00 39.4 39.20 1.926 72.42 2.272 2.309 38.50 2.268 2.378 12.90 2.331 
P3 P(Et)3 -0.187 0.026 239.10 6.00 39.0 39.00 1.934 74.62 2.280 2.318 37.00 2.289 2.378 17.10 2.338 
P4 P(iPr)3 -0.180 0.024 244.60 12.18 28.4 38.60 1.941 74.56 2.284 2.320 37.17 2.317 2.381 14.40 2.367 
P5 P(nBu)3 -0.187 0.027 243.30 6.10 40.2 39.10 1.934 75.18 2.281 2.320 37.20 2.287 2.377 16.70 2.342 
P6 p(tBu)3 -0.173 0.028 250.80 23.38 7.4 39.60 1.958 81.87 2.300 2.328 23.90 2.418 2.382 9.80 2.390 
P7 P(Cy)3 -0.177 0.026 250.40 16.65 28.6 38.80 1.941 74.83 2.289 2.322 36.79 2.315 2.380 13.32 2.369 
P8 P(Ph)3 -0.187 -0.051 241.30 8.00 32.6 36.50 1.941 70.61 2.278 2.310 31.90 2.304 2.368 16.90 2.332 
P9 P(Bn)3 -0.196 -0.038 241.61 12.65 38.1 36.74 1.965 70.63 2.278 2.317 38.76 2.287 2.370 13.28 2.326 

P10 P(NMe2)3 -0.161 0.020 245.30 12.13 34.4 39.30 1.927 73.65 2.291 2.344 34.35 2.298 2.379 22.47 2.339 
P11 P(OMe)3 -0.207 0.000 223.60 4.24 40.2 34.60 1.889 69.15 2.247 2.301 37.98 2.254 2.375 20.94 2.285 
P12 P(OEt)3 -0.213 0.004 229.70 3.00 45.9 36.20 1.898 71.45 2.250 2.304 34.40 2.247 2.368 21.60 2.290 
P13 P(OPh)P -0.201 -0.047 222.10 5.94 48.9 31.20 1.894 55.47 2.254 2.296 31.81 2.233 2.350 19.81 2.254 
P14 P(C6F5)3 -0.224 -0.091 219.00 11.60 35.7 26.30 1.946 59.34 2.267 2.299 32.70 2.259 2.343 11.90 2.321 
P15 PF3 -0.282 -0.035 163.60 1.50 62.0 31.10 1.867 56.86 2.213 2.269 37.00 2.192 2.343 22.50 2.234 
P16 P(o-tol)3 -0.182 -0.049 244.10 30.11 31.0 30.20 1.977 67.07 2.294 2.320 25.85 2.323 2.382 6.33 2.376 
P17 P(p-tol)3 -0.180 -0.052 247.60 6.60 33.6 38.20 1.940 72.89 2.279 2.312 32.10 2.299 2.370 18.30 2.346 
P18 P(p-F-C6H4)3 -0.193 -0.056 236.50 8.30 32.7 36.20 1.941 69.28 2.275 2.311 35.30 2.301 2.365 16.80 2.336 
P19 P(p-Cl-C6H4)3 -0.201 -0.070 232.80 8.20 33.7 35.10 1.937 67.69 2.273 2.309 37.10 2.295 2.360 17.00 2.333 
P20 P(p-OMe-C6H4)3 -0.168 -0.037 251.60 8.30 31.7 37.90 1.942 72.39 2.278 2.319 30.70 2.305 2.374 16.20 2.345 
P21 P(Ph)(Me)2 -0.188 -0.039 237.05 3.23 36.1 39.29 1.929 72.21 2.271 2.311 37.28 2.278 2.372 16.53 2.330 
P22 P(Me)(Ph)2 -0.189 -0.048 239.20 4.83 34.6 37.62 1.933 70.77 2.276 2.313 35.33 2.286 2.369 16.02 2.333 
P23 P(Ph)(Et)2 -0.193 -0.047 240.08 7.29 36.4 38.73 1.932 72.90 2.275 2.315 37.38 2.287 2.374 15.76 2.341 
P24 P(Et)(Ph)2 -0.188 -0.048 240.76 5.41 34.3 37.54 1.935 71.36 2.277 2.315 33.94 2.304 2.371 16.11 2.339 
P25 p(OMe)(Ph)2 -0.192 -0.059 239.45 5.15 45.0 39.39 1.918 73.01 2.273 2.314 37.27 2.274 2.367 20.45 2.317 
P26 JohnPhos -0.173 -0.052 253.20 45.88 19.0 31.54 1.961 70.73 2.298 2.329 22.54 2.366 2.380 -0.42 2.395 
P27 CyJohnPhos -0.178 -0.052 253.87 21.37 25.2 35.65 1.949 74.56 2.286 2.327 34.81 2.305 2.375 10.38 2.387 
P28 MePhos -0.180 -0.048 251.03 23.48 32.2 33.61 1.948 72.05 2.285 2.328 28.17 2.312 2.375 5.64 2.385 
P29 SPhos -0.170 -0.038 255.96 24.06 26.0 34.04 1.952 74.96 2.287 2.338 29.27 2.324 2.379 4.40 2.399 
P30 XPhos -0.181 -0.050 255.65 22.15 28.6 36.82 1.946 76.78 2.289 2.331 31.29 2.313 2.381 8.71 2.397 
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2.1.2.3 Reaction-Specific Descriptors  

 

The group of Doyle, in collaboration with Merck Research Laboratories, have utilised reaction-specific 

ligand descriptors and machine learning to predict the performance of Buchwald-Hartwig cross-

coupling of aryl halides with 4-methylaniline (Scheme 3).9 They generated a set of 120 descriptors 

from DFT (B3LYP/6-31G*) calculations automated to run in the software package Spartan, capturing 

properties of the additives, aryl halides, bases and ligands used. For the four biaryl phosphine ligands 

considered, 64 ligand descriptors were harvested, consisting of electrostatic charges and NMR shifts 

for the 21 atoms (17 C, 4 H) shared across the ligands, as well as the frequency and intensity of ten 

shared vibrational modes, the dipole moment of the ligand molecule and the electrostatic charge on 

the phosphorus atom. These 120 descriptors, when used in conjunction with the random forest 

machine-learning algorithm, allowed for good prediction of reaction performance within their data 

set (R2=0.92). They note, however, that this methodology is prone to predictive limitations when the 

training and test sets have significant structural dissimilarity. While the present contribution was 

already in review, this approach has been criticised in detail, see references 107-110. 

 

The groups of Paton and Fletcher92 have recently reported the use of quantitative structure-selectivity 

relationships (QSSR) models to guide the development of ligands to achieve improved 

enantioselectivity in a copper-catalysed asymmetric conjugate addition reaction (Scheme 4). 15 chiral 

phosphoramidite ligands (see Scheme 4) were initially screened in this reaction, and the resulting 

selectivity was then examined using a database of 28 calculated descriptors (B97D/6-31G(d) incl. 

solvation), capturing the structures, energies, charges and spectroscopic properties of both the whole 

ligands, and of the aromatic substituents on these ligands. Regression models were then built, and 

their predictive performance evaluated, to select the most suitable subset of descriptors, which 

included the HOMO energy of the aryl rings and a subset of Sterimol parameters. This approach was 

supported by DFT calculations of the key selectivity-determining steps of the reaction. While 
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experimental screening with ligands selected from these predictions gave improved 

enantioselectivity, yields were initially low and required further experimental optimisation. 

 

2.2 Bidentate P-donor Ligands 
Chelating P,P-donor ligands share many of the desirable characteristics of their monodentate 

equivalents, as well as providing a potentially more well-defined coordination environment due to 

occupying two (usually cis) sites on a transition metal centre. Despite their synthetic popularity and 

utility,40, 51, 111, 112 their systematic characterisation through calculated ligand descriptors appears, to 

the best of our knowledge, less common-place, although earlier work by the group of Rothenberg is 

of note here.113-115 

2.2.1 Individual Descriptors 

This dearth may arise because one of the oldest and most commonly used descriptors,40, 111, 112, 116-119 

the ligand bite angle (∠P-M-P) is very easy to measure from atomic coordinates. This descriptor likely 

measures the net interaction with the metal centre, capturing a mixture of steric and electronic 

effects,117 which complicates its utilisation for catalyst design as only net effects are measured. In 

addition, unless so-called “natural” bite angles are determined, which is challenging as these require 

a molecular mechanics calculation with a modified force field,40, 116 the metal, its oxidation state and 

electronic configuration will affect the favoured geometry, altering the ligand field stabilisation energy 

and so imposing a structural “demand” on the ligand. This gives rise to multiple bite angles, extracted 

from different coordination environments, rather than a single, definitive protocol. Nevertheless, the 

bite angle has a status for bidentate ligands which is equivalent to Tolman’s descriptors for 

monodentates, in that it is frequently reported as the first characterisation of novel ligands.54 

Tolman’s 1977 review actually included cone angles for a range of bidentate ligands,16 but this 

descriptor has not been adopted widely. The group of Weigand have described an extension of the 

solid angle to bidentate ligands,120 focussing on bidentate P,P-donor ligands. From this, using 

structural data mined from the Cambridge Structural Database121 for 282 square planar platinum 

complexes, they derived a “generalised equivalent cone angle”, 𝛩𝑏. Data were processed in-house, 

and they also extracted bite angles for their complexes. While this work was based on crystal structure 

data, a similar approach could be employed using calculated geometries and this descriptor has been 

included in Table 9 below.  

In a review of steric descriptors for ligands in organometallic chemistry, Clavier and Nolan have 

included buried volume, %Vbur, data (see section 2.1.1.2) for a number of bidentate ligands,72 

calculated for each half of the ligand using [(AuCl)2(PP)] complexes, as well as for the entire ligand in 

[Pd(Cl2)(PP) complexes.85 Again, they have derived these data from crystal structure geometries, but 

it would be feasible to generate a similar dataset from calculated coordinates. 

 

The steric effects of bidentate ligands for the nickel-catalysed coupling of carbon dioxide and ethene122 

(Scheme 5) have been captured with the buried volume descriptor,85, 87 based on BP86-optimised 



 

25 
 

geometries. The authors noted that bite angles are not able to full capture differences in steric 

hindrance. They combined %Vbur data with the Mulliken charge on the Ni atom as their electronic 

descriptor, with a view to identifying and utilising correlations between these parameters and 

calculated barriers along the catalytic cycle. 

Buried volumes and solid cone angle descriptors (also summarised in section 2.1.1.2) were calculated 

for simplified surrogate ligands to represent a range of bidentate P,P-donor ligands by the groups of 

Sigman and Tan,123 using the Solid-G programme of Guzei and Wendt.76 Figure 3 illustrates the 

relationship between ligand and surrogate structures used in this case, with surrogates optimised at 

the M06-2X/def2TZVP level of theory; and the authors noted a linear correlation with the SambVca 

2.0 buried volumes87 in their references.123 Electronic properties of the ligands were represented by 

the mean Pd-Cl distance in [Cl2Pd(PP)] complexes extracted from LKB-PPscreen
124 (discussed in section 

2.2.2), as well as calculated NBO charges for simplified phosphine selenides and experimentally-

determined 31P NMR chemical shifts (see also section 2.2.2 below). 

 

Figure 3: Comparison of ligand and surrogate structures used by Sigman and Tan.123 

A study by Lu and co-workers,60 covering a range of different ligand classes and their effects on copper-

catalysed boracarboxylation of styrene with CO2, includes 3 bidentate P,P donor ligands. However, 

only the charges on the -carbon of styrene in the relevant copper complex have been used in this 

case, and the bulk of their analysis focusses on other ligands.  

A range of individual descriptors have been collated in Table 9 for our core set of bidentate P,P-donor 

ligands.  
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Table 9: Individual descriptors for bidentate, P,P-donor ligands (units in ° unless otherwise stated). Ligands P2,P4, P10, P13 and P20 excluded due to lack of 

data.  

Ligand 
No. Bidentate Phosphine Ligand 

Bite 
anglea Error 

Solid cone 
angleb 

Exact solid 
cone angleb P-Pt(Å)a 

Av eq. cone 
anglea Error 

Av gen eq. cone 

angle (𝛩𝑏)a Error 
𝛩𝑏  
(P∩P)a 𝛩𝑏(Se∩Se)a 

PP1  72.6 ± 1.3 168 167.4 2.282 168.1 ± 4.4 168.1 ± 3.3 167.9 141.0 

PP3  75.2 ± 0.9 - - 2.301 188.6 ± 4.1 189.5 ± 2.6 - - 

PP5  69.5 ± 0.4 - - 2.297 163.4 ± 4.4 164.0 ± 3.9 - - 

PP6  70.9 ± 1.0 - - 2.263 166.8 ± 3.0 166.1 ± 2.5 166.8 140.4 

PP7  85.6 ± 0.8 156 161.4 2.275 155.8 ± 2.9 155.5 ± 1.6 - - 

PP8  85.5 ± 1.0 178 180.7 2.267 178.2 ± 3.4 177.6 ± 2.5 178.0 140.4 

PP9  88.5 ± 0.6 202 204.7 2.298 201.6 ± 2.0 202.6 ± 1.4 - - 

PP11  87.3 ± 1.5 - - 2.273 191.4 ± 2.9 191.0 ± 2.4 - - 

PP12  86.0 ± 0.8 - - 2.256 176.6 ± 2.9 175.4 ± 2.3 - - 

PP14  92.9 ± 2.0 183 190.4 2.266 183.6 ± 3.9 182.9 ± 2.9 179.8 139.6 

PP16  99.0 ± 1.6 210 215.9 2.297 210.1 ± 2.3 211.0 ± 1.3 - - 

PP17  - - - - - - - - - 186.1 140.2 

PP18  86.8 ± 0.5 - - 2.235 179.0 ± 3.7 176.8 ± 2.7 174.0 140.4 



 

27 
 

PP19  99.6 ± 2.0 192 204.8 2.286 191.9 ± 2.7 192.2 ± 2.2 189.2 139.4 

PP21  102.7 ± 3.3 192 212.5 2.297 192.2 ±3.2 193.2 ±2.2 - - 

PP22  - - - - - - - - - - - 

PP23  93.0 ± 1.5 - 199.7 2.287 189.0 ± 2.9 189.4 ± 1.8 - - 
a Reference 120; b reference 82.  
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2.2.2 Descriptor Databases 

2.2.2.1 Ligand Knowledge Bases  

Bristol’s Ligand Knowledge Base approach (section 2.1.2.2) has been extended to bidentate ligands, 

and descriptors have been published as LKB-PP for 324 P,P-donor ligands, as well as 24 P,N-donor 

ligands, again calculated at the BP86/6-31G*, LACV3P on metals level of theory.125-127 In addition, the 

approach has been used to screen ligands assembled systematically from 25 backbones and 11 

substituents, using less rigorous conformational search and optimisation protocols (LKB-PPscreen),124 

with a view to improving sampling of bidentate ligand space of the standard LKB-PP.  

Some of the descriptors have been calculated from truncated ligand structures, designed to provide 

overlap with monodentate P-donor ligands (FMO energies and proton affinities), but while the 

database shares the LKB philosophy of robustness and transferability, again calculating the same 

ligand in different coordination environments with a standard DFT approach (BP86/6-31G* & LACV3P 

on M basis sets), the complexes reflect the chemistry of chelating ligands in this case, as shown in 

Figure 4. Descriptors have been listed in Table 10, with a subset of ligand data listed in Table 11 (see 

ESI for full set).  

 

Figure 4: Complexes considered for LKB-PP and LKB-PPscreen.124-126 

 

Table 10: Descriptors used in LKB-PP calculations (P1, P2 denote the two donor atoms).124-126 

Descriptor Derivation (Unit) 

Truncated Ligand (LP1, LP2) 

EHOMO_P1, EHOMO_P2 Energy of highest occupied molecular orbital (Hartree) 

ELUMO_P1, ELUMO_P2 Energy of lowest unoccupied molecular orbital (Hartree) 

PAP1, PAP2 Proton affinity, PA = E(LP1) – E([LP1-H]+) (kcal mol-1) 

Free Ligand 

He8_wedge Interaction energy between ligand in chelating conformation and 
wedge of 8 He atoms,a EHe8_wedge = E(He8(PP)) – E(He8) – E((PP)) (kcal 
mol-1) 
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nHe8 Interaction energy between ligand in chelating conformation and 
wedge of 8 He atoms,b EnHe8 = E(He8(PP)) – E(He8) – E((PP)) (kcal mol-1) 

Zinc complexes Zn(PP)Cl2 

BE(Zn) 
Bond energy for dissociation of PP-ligand from metal fragment (kcal 
mol-1) 

Zn–Cl Average Zn–Cl distance (Å) 

∠P1–Zn–P2 Ligand bite angle in complex (degrees) 

∆P1–R(Zn), ∆P2-R(Zn)c Change in average P–R distances cf. PP (Å) 

∆R–P1–R(Zn), ∆R–P2–
R(Zn)c 

Change in average R–P–R angles cf. PP (degrees) 

∆Zn–P1, ∆Zn–P2 Change in Zn–P distances cf. ligand 1 (Å) 

Q(Zn) NBO charge on ZnCl2 fragment 

Palladium complexes Pd(PP)Cl2 

BE(Pd) 
Bond energy for dissociation of PP-ligand from metal fragment (kcal 
mol-1) 

Pd–Cl Average Pd–Cl distance (Å) 

∠P1–Pd–P2 Ligand bite angle in complex (degrees) 

∆P1–R(Pd), ∆P2-R(Pd)c Change in average P–R distances cf. PP (Å) 

∆R–P1–R(Pd), ∆R–P2–
R(Pd)c 

Change in average R–P–R angles cf. PP (degrees) 

∆Pd–P1, ∆Pd–P2 Change in Pd–P distances cf. ligand 1 (Å) 

Q(Pd) NBO charge on PdCl2 fragment 
a P atoms in fixed positions, fixed “P–X” distance = 2.28 Å; b Fixed “P–X” distances (2.28 Å), P atoms 

position free; c R = Substituents on P atoms. 

These databases contain two bite angles, ∠P1–Pd–P2, determined from a [PdCl2(PP)] complex, where 

the Pd(II) centre favours a square-planar coordination geometry, and ∠P1–Zn–P2, extracted from a 

[ZnCl2(PP)] complex, which should allow ligands to adopt something closer to their “natural” bite 

angle. Electronic differences between ligands mean these descriptors are not purely steric, but they 

have been shown to correlate highly with crystallographic bite angles.125 The LKB-PP also includes two 

purely steric parameters, derived from the repulsive interaction energies between ligands in their 

chelating orientation and a wedge of 8 helium atoms, positioned to capture interactions with cis 

ligands in an octahedral coordination environment.126 

Similar to the monodentate LKB-P, descriptor data have been used not just to generate maps of ligand 

space (section 3.1), but also to fit and predict different external datasets relevant to organometallic 

chemistry and catalysis. Both we125 and others40 have noted that further testing and applications 

crucially depend on the availability of large and varied experimental datasets.
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Table 11: Subset of LKB-PP descriptors.125, 126 See ESI for full dataset. 

Ligand 
No. 

Bidentate Phosphine 
Ligand PA_P1 PA_P2 He8_wedge nHe8 BE(Zn) 

Mean 
Zn-Cl <P1-Zn-P2 BE(Pd) 

Mean 
Pd-Cl <P1-Pd-P2 

PP1  239.20 239.20 11.19 11.10 29.85 2.269 69.5 86.13 2.379 74.4 

PP2  233.00 233.00 12.72 12.40 27.78 2.258 68.3 82.09 2.37 75.4 

PP3  245.67 245.67 27.53 27.05 30.71 2.281 71.1 85.31 2.384 77.3 

PP4  222.41 222.41 10.75 10.61 21.65 2.686 65.2 65.04 2.351 75.1 

PP5  241.21 241.21 8.82 8.71 30.51 2.262 66.3 83.03 2.368 73.1 

PP6  241.21 241.21 13.18 9.65 31.73 2.264 65.9 85.74 2.366 73.0 

PP7  233.00 233.00 15.99 14.78 34.77 2.268 82.0 99.99 2.388 88.3 

PP8  239.20 239.20 17.24 15.95 34.78 2.276 82.5 94.42 2.383 87.4 

PP9  245.67 245.67 29.64 32.76 38.52 2.299 85.7 95.53 2.391 90.3 

PP10  227.36 227.36 12.80 12.38 31.89 2.264 78.7 97.35 2.385 86.0 

PP11  245.42 245.42 19.65 2.35 41.24 2.291 84.2 97.93 2.387 88.9 

PP12  238.11 238.11 12.97 12.18 35.09 2.274 79.8 95.71 2.381 87.9 

PP13  233.00 233.00 21.19 15.82 37.77 2.282 92.6 102.14 2.389 97.6 

PP14  239.20 239.20 22.98 17.61 38.61 2.295 90.9 94.06 2.379 94.9 

PP15  197.71 197.71 15.47 12.69 18.55 2.236 84.6 75.28 2.347 96.7 
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PP16  245.67 245.67 30.49 40.46 37.84 2.308 95.2 88.81 2.397 98.2 

PP17  239.20 239.20 26.17 22.56 33.83 2.288 93.4 86.68 2.375 94.4 

PP18  241.30 241.30 14.35 13.65 36.17 2.277 77.5 95.66 2.376 86.3 

PP19  241.30 241.30 29.05 23.34 36.24 2.294 98.7 87.02 2.37 100.8 

PP20  241.30 241.30 37.66 27.02 35.03 2.289 106.7 74.51 2.375 106.8 

PP21  241.30 241.30 36.84 25.45 39.77 2.297 107.8 76.65 2.373 108.8 

PP22  241.30 241.30 47.82 47.33 31.50 2.299 132.7 55.67 2.366 116.0 

PP23  241.30 241.30 29.63 26.54 31.19 2.295 93.6 83.36 2.379 95.0 
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2.2.2.2 Reaction-Specific Descriptors 

The groups of Frenking and Girolami128 have reported a calculated (RI-BP86/def2-TZVP) version of a 

TEP-like descriptor derived from [Ni(CO)2(PP)] complexes, including 27 bidentate ligands, which, along 

with additional data harvested from these calculations, they then used to analyse ligand properties 

and to interpret the bonding in nickel dihydride complexes by energy decomposition analysis.  

In a study of palladium-catalysed amine arylations using ligand descriptors to support the 

interpretation of experimental results, the groups of Sigman and Tan note that they were not able to 

find simple multivariate models using LKB-PP and LKB-PPscreen descriptors.123 However, they used the 

average Pd-Cl distance in [Pd(Cl2)(PP)], published in LKB-PPscreen for a range of ligands relevant to their 

study, as a measure of trans influence and σ-donor ability. As noted in section 2.1.2.1, these were 

combined with solid cone angles, NBO charges, as well as experimental NMR measurements. 

 

2.3 Carbenes 
Although carbene ligands have, at times, replaced P(III)-donor ligands in successful organometallic 

catalysis, not in the least in ruthenium-catalysed metathesis (see also section 3.2),11, 129, 130 in more 

general terms they are more likely to support complementary reactivity131-139 than to displace other 

classes of ligands completely. As was the case for P(III)-donor ligands, a number of steric and electronic 

descriptors have been used in isolation (section 2.2.1), and several descriptor databases (section 2.2.2) 

have also been proposed, so this section will follow a similar structure. Many of these carbene studies 

have been reviewed previously, see, for example, references 72, 140-142, again allowing us to focus 

on more recent work and application examples. In addition, Munz has recently presented a review of 

the experimental and computational studies of carbene electronic structure, which draws on a range 

of different descriptors from experiment and calculations as well.143  

2.3.1 Individual Descriptors 

2.3.1.1 Electronic Descriptors 

As described in section 2.1.1.1 above, the Tolman Electronic Parameter (TEP) and related descriptors 

have been used extensively for P(III)-donor ligands, making this a tempting parameter to consider for 

other ligand classes. However, experimentally it proved to be difficult to synthesise some of the 

[Ni(CO)3L] complex reliably for large N-heterocyclic carbene ligands (NHCs).144, 145 Critical assessment 

of the data obtained also highlighted that the TEP stretching frequency showed a much smaller 

response to changes in the ligand structure than observed for P-donor ligands, as summarised in a 

recent review of experimentally-measured electronic parameters by Huynh.146 That, and the criticisms 

of Cremer and co-workers about using normal mode vibrations discussed in section 2.1.1.163, 65 

notwithstanding, Gusev presented DFT-calculated TEP data for 76 NHC ligands (mPW1PW91/6-

311+G(d,p) for all atoms apart from 6-311+G(2d) on Ni), which allowed a ranking of their net electron 

donation.147  

Gusev’s TEP electronic descriptor has been used recently for the analysis of calculated reaction 

barriers,60 although the authors focussed on %Vbur for the 6 NHC ligands considered, after noting that 

the correlation between such barriers and the TEP was poor, in contrast to the high correlations with 

electronic property descriptors identified for monophosphines.  

Gusev59 and others (see references 146 and 142 for overviews of experimental work) have also 

explored the utility of other transition metal complexes for producing data which could then be 

brought into line with TEP, based on determining a suitable linear relationship between different 
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complexes141, 142, 146 and so processing data to produce a TEP-equivalent value. The complexes used 

most commonly for these alternative measurements are [RhCl(CO)2(NHC)] and [IrCl(CO)2(NHC)], but 

other metal centres have also been considered.59  

 

More recently, Gusev and Peris148 have used a calculated TEP descriptor (mPW1PW91, range of basis 

sets of TZP quality and better), which, when compared to calculated CO stretches in a range of metal 

complexes, can be used to give a new descriptor, ΔTEP, as a measure of the electronic communication 

between two metal centres in dinuclear M-NHC-M’ complexes, more commonly assessed by 

electrochemical measurements.  They moved beyond consideration of the ligand by comparing the 

TEP from the standard nickel complex with calculated CO stretches in other metal fragments. This 

allowed them to identify the net electron donicity of metal fragments, and so to quantify the extent 

of electron communication for five ligands (Scheme 6), as well as highlighting that such 

communication is mostly due to differences in σ-bonding. 

The groups of Cianceleoni and Belpassi62 reported calculated carbonyl stretching frequencies for the 

nickel and gold complexes of general form [M(CO)nL]±/0 for a diverse range of ligands, including 4 NHCs. 

They then extracted a charge transfer parameterii from these DFT calculations (BLYP/TZ2P) and used 

this to highlight that for the gold complex, the CO stretching frequency does not provide a good 

measure of the net charge transfer, as discussed above. They also included a brief comparison of 

phosphine and carbene ligands, noting that, according to their analysis, the phosphines donate more 

electron density to gold than carbenes, a result they describe as “unconventional”.  

The dataset of 181 nickel complexes, presented by Cremer and co-authors,64 to provide calculated 

MLEP, an alternative electronic parameter to the standard TEP derived from local vibrational modes, 

included 15 carbene ligands. The MLEP descriptors have been calculated at the M06/aug-cc-pVTZ of 

theory and further analysis of force constants revealed differences between Arduengo carbenes 

(NHCs) and other carbene ligands due to differences in their interaction with the metal centre, with 

the NHCs withdrawing charge density from the metal and showing stronger Ni-C bonding. 

Table 12 includes experimental and calculated electronic parameters related to CO stretching 

frequencies for our core set of carbenes. 

 

                                                           
ii See section 2.3.2.3 for other applications of charge transfer analysis. 
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Table 12: Descriptors related to CO stretching frequencies for carbene ligands (see Table 1c for structures). C4 removed due to lack of data. 

   Gusev NHC Papera Nolan Reviewb  

Ligand No. Carbene Ligand Acronym TEP[Ni(CO)3NHC] Repulsiveness ∆H(kcal/mol) TEP[Ir(Cl)(CO)2(NHC)] νav(CO) HEPc 

C1 sImN(H)2 - 2057.5 0.3 22.6 - - - 
C2 sImN(Me)2 SIMe 2054.7 1.8 19.5 2052.0 2026.0 - 
C3 sImN(iPr)2 SIiPr 2051.9 2.3 18.6 - - - 
C5 sImN(Dipp)2 SIPr 2051.5 1.6 20.2 2051.1 2024.9 177.5 
C6 sImN(Mes)2 SIMes 2051.2 1.9 19.5 2050.8 2024.6 177.6 
C7 sImN(2,6-Me-Ph)2 SIXy - - - 2051.2 2025.0 - 
C8 ImN(H)2 - 2058.1 0.0 23.3 - - - 
C9 ImN(Me)2 IMe 2054.1 1.1 21.1 2051.2 2025.0 - 

C10 ImN(iPr)2 IiPr 2051.5 1.6 20.2 2050.3 2024.0 180.6 
C11 ImN(tBu)2 ItBu 2050.6 7.0 8.2 2048.9 2022.3 177.6 
C12 ImN(Cy)2 ICy 2049.7 1.6 20.2 2049.5 2023.0 181.2 
C13 ImN(Ph)2 IPh 2053.6 2.3 18.6 - - - 
C14 ImN(Bn)2 IBn - - - 2050.3 2024.0 179 
C15 ImN(Dipp)2 IPr 2050.5 1.8 19.7 2050.2 2023.9 177.5 
C16 ImN(Mes)2 IMes 2050.5 1.5 20.6 2049.6 2023.1 177.2 
C17 ImN(2,6-Me-Ph)2 IXy - - - 2050.3 2024.0 - 
C18 ImN(Ad)2 IAd 2045.8 8.0 6.2 2048.3 2021.6 - 
C19 Im(Me)2N(Me)2 MeIMe 2051.7 1.4 20.7 - - - 
C20 Im(F)2N(Me)2 FIMe 2059.1 1.0 20.9 - - - 
C21 Im(Cl)2N(Me)2 ClIMe 2059.0 1.3 20.4 - - - 
C22 Im(NO2)2N(Me)2 NO2IMe 2068.6 1.6 19.0 - - - 
C23 BImN(Me)2 BMe 2057.0 1.6 19.8 - - - 
C24 Py(b)ImN(Me)2 - 2058.6 1.6 19.8 - - - 
C25 DPyIm - 2055.9 0.8 21.8 - - - 
C26 IBioxMe4 - 2049.5 2.8 17.7 2050.3 2024.0 - 
C27 PerN(iPr)2 - 2055.4 6.5 9.0 - - - 
C28 ThNMe - 2061.5 0.9 21.2 - - - 
C29 OxNMe - 2065.3 0.4 22.0 - - - 
C30 BOxNMe - 2066.6 0.6 21.3 - - - 

a Reference 147; b reference 142; c reference 146. 
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Experimentally, carbene ligand bonding to metal centres has also been assessed by a range of different 

descriptors derived from NMR studies (reviewed, for example, in references 142, 146). Different nuclei 

and complexes have been used, such as the 13C chemical shift of the carbene carbon trans to the ligand 

(L) of interest in [PdBr2(iPr2-bimy)L](Scheme 7a) proposed by Huynh (and called the Huynh Electronic 

Parameter, HEP),146, 149 the 77Se chemical shifts for selenium adducts of carbenes,146, 150-153 and the 31P 

chemical shifts for NHC-phosphinidene adducts (Scheme 7b).142, 146, 150, 151, 153  

 

Such chemical shifts should be amenable to calculation as well. Indeed, the analysis of the selectivity 

of ethenolysis of cyclic alkenes catalysed by ruthenium-NHC complexes (Scheme 8), reported by a 

consortium of authors,154 was supported by both experimental and calculated (PBE0/TZ2P) chemical 

shift tensor data for selenium NHC complexes, used as a measure of ligand electronic properties.  

 

In an effort to distinguish between carbenes 4 and carbones 5 (CL2 compounds with carbon(0), 

formally with two lone pairs), calculated 13C chemical shifts of protonated and parent carbenes 

(PBE1PBE/6-311++G*//PBE1PBE/6-31+G*) have been used to assess the electronic properties of 8 

carbenes and 13 carbones.155 Some of the authors involved in this work have also used a wider range 

of calculated descriptors, including 31P chemical shifts of carbene-phosphinidene adducts (Scheme 7b) 

and donor carbon 13C chemical shifts for the parent carbene and their cis-[RhCl(CO)2L] complexes, to 

evaluate the effects of structural modifications on NHC properties.156, 157 The initial experimental work 

by Ganter and co-workers151, 152 on carbene-selenium and carbene-phosphinidene adducts was 

followed up in a study by Vummaleti, Nolan, Cavallo and co-workers153 for a larger set of carbene 

ligands, using both experimental and DFT-calculated (BP86/TZ2P) 31P and 77Se chemical shifts, 

together with a more extensive analysis of the experimental data using a wider range of calculated 
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descriptors. More recently, a further computational study of carbene-phosphinidenes (Scheme 7b), 

correlating their 31P chemical shifts with a range of calculated descriptors to analyse the bonding 

observed, has been reported for 21 structurally varied carbenes,158 confirming and reinforcing the 

computational analysis presented by Vummaleti et al.153 These studies will be discussed in greater 

detail in section 2.3.2 on descriptor databases for carbenes, below. Table 13 collects NMR-derived 

descriptors from both experimental and calculated data. 

 

While not applied to catalysis so far, we note that Ramsden and Oziminski have proposed a calculated 

descriptor,159, 160 the Carbene Relative Energy of Formation (CREF, B3LYP/6-311++G(d,p)), which seeks 

to capture the energy required to deprotonate the heterocyclic precursor E1 of a broad and varied 

range of carbenes E2 (Scheme 9). They proposed that this energy of deprotonation, calculated from 

the zero-point energy-corrected potential energies of parent carbene and protonated form, will give 

an indication of the NHC σ-donor strength, excluding contributions from metal to ligand π-bonding 

and substituent steric effects. 
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Table 13: Electronic descriptors reported for carbenes (see Table 1c for ligand structures) and derived from NMR shifts. C1, C3-4, C7-8, C14, C17, C20-24, 

C26, C28-30 omitted due to lack of data.  

  
 

   Calculated  
   

Ligand 
No. Carbene Ligand 

 
 
 

Acronym 

77Se NMR 
Shift 

(ppm) 
(Acetone-

D6)a 

77Se NMR Shift 
(ppm) 

(CDCl3)[DFT]b 

77Se iso 
(ppm)(CDCl3)

c  

13C NMR 
Shift 

(ppm)d 

13C NMR Shift 
(Protonated) 

d 

13C NMR 
Shift (D6-
DMSO)e 

31P NMR Shift 
Calculated 

(Experimental)f  

31P NMR Shift 
(ppm) 

(benzene-D6) 
[DFT]b 

C2 sImN(Me)2 
SIMe 

- - - 236.1 153.3 
- -  

C5 sImN(Dipp)2 SIPr 181.0 190.0 [1347.2] - - - - -12.0 (-10.2) -10.2 [383.1] 

C6 sImN(Mes)2 SIMes 116/113 109.7 [1462.6] 95.0 - - 160.2 (-10.4) -10.4 [387.3] 

C9 ImN(Me)2 IMe - 29.9 [1531.1] - 214.9 133.8 - -  

C10 ImN(iPr)2 IiPr -3.0 - - - - - (-61.2) -61.2 [430.2] 

C11 ImN(tBu)2 ItBu 197.0 182.6 [1354.9] - - - - -  

C12 ImN(Cy)2 ICy -4.0 -22.1 [1617.0] - - - - -  

C13 ImN(Ph)2 IPh - - - - - - -  

C15 ImN(Dipp)2 IPr 87.0 90.0 [1441.9] - - - 139.4 -17.6 (-18.9) -18.9 [389.6] 

C16 ImN(Mes)2 IMes 35.0 26.7 [1535.7] 26.0 - - 139.9 (-23.0) -23.0 [402.1] 

C18 ImN(Ad)2 IAd - 196.9 [1360.6] - - - - -  

C19 Im(Me)2N(Me)2 
MeIMe 3.0 - - - - - -62.3 (-53.5) [424.0] 

C21 Im(Cl)2N(Me)2 
ClIMe - - - - - - -43.1  

C25 DPyIm - - - - 200.3 111.4 - -  

C27 PerN(iPr)2 - 364.0 - - - - - -  

 
a Reference 152; b reference 153; c reference 154; d reference 155; e reference 149; f references 146, 158.
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2.3.1.2 Steric Descriptors 

Cone angles and related measures can be determined for carbenes, but carbenes are less cone-shaped 

and often less symmetrical in terms of substituents, making such measure more problematic, 

especially for NHCs.161 As set out in the review by Clavier and Nolan,72  the “percent buried volume” 

(%Vbur) was proposed as a suitable alternative, capturing the percentage of the total volume of a 

sphere, centred on the metal and having a defined radius occupied by the ligand. Any source of 

cartesian coordinates can be used for such calculations, which are very fast, and the effect of altering 

the M-L distance and sphere radius have been explored extensively, with standard settings 

implemented in convenient online tools (SambVca and SambVca 2.0).85-88 

The %Vbur descriptor has been reviewed extensively,54, 72, 141, 161 including demonstrations of its 

correlations with cone angle for P-donor ligands,17, 72 and, more recently, this has been supplemented 

by steric maps which provide a graphical representation of the steric profile of ligands161 and can be 

produced using SambVca 2.0.87 Carbenes can undergo conformational change in response to the 

coordination environment and this has been explored in terms of %Vbur and steric maps in reference 

162. Large-scale automated sampling of conformers, e.g. as facilitated by AARON, can help to capture 

such effects on catalysis,74 emphasising the importance of such descriptors. Outside of databases, 

%Vbur appears to be used most commonly to assess the impact of structural changes to the NHC 

substituents and backbone. This descriptor has been applied to the analysis of carbene experimental 

data by a consortium of authors exploring the selectivity of ruthenium-NHC catalysts for metathesis,154 

along with chemical shift tensor data for selenium NHC complexes as discussed above (section 

2.3.1.1).  

Along with calculated TEP descriptors (section 2.3.1.1), Gusev’s study of 76 NHCs147 includes a proposal 

for a steric parameter r. This “repulsiveness” parameter (Table 12) has been derived from an analysis 

of calculated reaction enthalpies for the decarbonylation of [Ni(CO)3L], defined as r = 10 x (3.493 – 

d(Ni-C), with d(Ni-C) as the distance from Ni to the C atoms of NMe substituent on L in [Ni(CO)2L] 

complexes; the data range from 0.0 to 8.0 and measure the repulsive interaction between the NHC 

and the carbonyl ligands.  

Table 14 summarises individual steric descriptors for a range of carbene ligands. 

Table 14: %Vbur data for carbenes (see Table 1c for ligand structures). (C7, C14, C17, C20, C22, C24-

C30 omitted due to lack of data.) 

   Nolana SambVca Paperb 

Ligand No. Carbene Ligand Acronym %VBur (2 Å) %VBur (2.28 Å) %VBur 

C1 sImN(H)2 - - - 19 

C2 sImN(Me)2 
SIMe - - 25.4 

C3 sImN(iPr)2 SIiPr 28.2 24.2 - 

C4 sImN(Ph)2 SIPh - - 31.6 

C5 sImN(Dipp)2 SIPr 47.0 41.5 35.7 

C6 sImN(Mes)2 SIMes - - 32.7 

C8 ImN(H)2 - - - 18.8 

C9 ImN(Me)2 IMe 26.3 22.6 24.9 

C10 ImN(iPr)2 IiPr 27.5 23.5 - 

C11 ImN(tBu)2 ItBu 39.6 35.1 35.5 

C12 ImN(Cy)2 ICy 27.5 23.6 - 
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C13 ImN(Ph)2 IPh - - 30.5 

C15 ImN(Dipp)2 IPr 45.4 39.0 33.6 

C16 ImN(Mes)2 IMes 36.5 31.2 31.6 

C18 ImN(Ad)2 IAd 39.8 35.3 36.1 

C19 Im(Me)2N(Me)2 
MeIMe 26.2 22.6 - 

C21 Im(Cl)2N(Me)2 
ClIMe 26.3 22.7 - 

C23 BImN(Me)2 BMe - - 25.1 
a Reference 72; b reference 85. 

2.3.2 Descriptor databases 

As noted above, one of the key features of descriptor databases is that these were generally built over 

relatively long timeframes and the descriptors have often been curated to fit in with the authors’ 

design philosophy, as can be seen for the MESP and LKB approaches. As before, earlier work has been 

reviewed previously,12, 54 but the comprehensive studies by Jensen and co-workers are of particular 

note in this area.11, 163 

2.3.2.1 Molecular Electrostatic Potential Data 

Suresh and co-workers have applied their analysis of the molecular electrostatic potential (MESP) to 

a range of carbenes99, 100 and used this approach to quantify the steric and electronic factors that affect 

carbenes in a range of settings, including alkene metathesis,100 CO2 fixation164 and the oxidative 

addition step to palladium catalysts (see also section 3.2.2).101  

Initial analysis99 considered carbenes in isolation, determining the absolute minimum of the MESP at 

the carbene lone pair (Vmin), together with the MESP at the carbene nucleus (VC). The relationship of 

both descriptors with TEP (Gusev147 is cited, but it is not clear what the source of TEP data is) is 

described well by a linear equation and they noted that functional choice affects the magnitude of 

descriptor values, but not the trends observed, reporting B3LYP/6-311++G** data in the main body of 

their work. They also noted the great sensitivity of Vmin to the environment of the lone pair, suggesting 

a steric contribution, whereas VC is considered less likely to be affected, leading them to propose that 

Vmin measures the electron-rich character of free NHC ligands, whereas VC measures the metal-

coordinating power of the ligand. Comparison with data for free P-donor ligands reported previously98 

led them to note that NHC ligands coordinate metal centres more strongly than phosphines, in line 

with other work.  

In a later study,100 MESP-related data, calculated with BP86/def2-TSVPP, have been used to investigate 

ligand effects on the coordination of substrates to a ruthenium metathesis catalyst, with a view to 

determining the steric and electronic effects on the binding energy of ethene and the activation 

energy for formation of the metallacyclobutane intermediate. This study followed the same process 

as their work on first generation catalysts,104 reviewed in section 2.1.2.1, but their descriptors have 

been calculated in subtly different ways to take account of differences in coordination between the 

ligand classes: The combined stereoelectronic effect was derived from the sum of the MESP values at 

the NHC carbon nucleus and at the CH2 carbon nucleus, and individual steric and electronic descriptors 

were again determined from calculations on the active form of the catalyst 2 and the ethene-bound 

complex 3 (L=NHC), with comparison between full substituents and H-substituted ligands used to 

determine individual steric and electronic contributions. The steric descriptor was found to correlate 

highly with %Vbur, and the analysis highlighted the different steric demands of different ethene 

coordination modes; the MESP calculations used the lowest energy binding mode, which was found 

to be different for ligands with larger substituents, necessitating separate analyses of the two groups 

of ligands. This led them to conclude that steric control dominates for bulky N substituents on the NHC 
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ligands, whereas a mixture of steric and electronic effects contribute to the reactivity of smaller 

ligands, in line with results reported by other authors.11, 165 

Most recently, Suresh’s group101 have investigated the oxidative addition step of monoligated 

palladium catalysts with both general Vmin and VD (where D is the donor atom) MESP data, and 

reaction-specific analysis of the Pd nucleus in PdL2 and PdL complexes of these ligands (see sections 

2.1.2.1 and 3.2.2). This study included 10 carbenes, along with phosphines, alkenes and alkynes. These 

descriptors have been related to calculated barriers for the oxidative addition of Ph-X, allowing 

comparison of different ligand classes and leading to a common design strategy, which will be 

discussed in greater detail in section 3.2.2 below; the general ligand descriptors have been collected 

in Table 15, with reaction-specific data collated in Table 19. 

 

Figure 5: MESP minima at both the carbene lone pair and the oxygen lone pairs. Reprinted with 

permission from reference 164. Copyright 2012, American Chemical Society. 

While not applied to organometallic catalysis, Ajitha and Suresh have also used the MESP approach to 

a model for organocatalytically-active NHC ligands,164 namely capturing the formation of an NHC-CO2 

adduct. In this case, their analysis combined the MESP minimum at the lone pair region (Vmin1) with a 

second Vmin at the oxygen lone pair (Vmin2, Figure 5). The data have been processed further by 

calculating the change compared to an unsubstituted reference system where all sites have been 

occupied with Hs. These descriptors were then related to the energy released on adduct formation, 

allowing correlations to be established. This study presented data for 54 carbenes, including 

substantial variation of N and backbone substituents. Vmin data have been collected in Table 15. 

Table 15: MESP-related descriptors for carbene ligands, see Table 19 for reaction-specific data used 

with this approach (free ligand Vmin, VC
99, 101, 164)  

Ligand No. Carbene Ligand 
 

Acronym 
Vmin1  

(kcal mol-1)a 
Vmin2  

(kcal mol-1)a 
Vmin  

(kcal mol-1)b  
VC  

(kcal mol-1)b  

C1 sImN(H)2 - - - -80.87 -9266.10 

C2 sImN(Me)2 SIMe - - -81.38 -9271.35 

C3 sImN(iPr)2 SIiPr - - -82.13 -9273.92 

C8 ImN(H)2 - -83.1 -82.3 -79.07 -9265.13 

C9 ImN(Me)2 IMe -87.2 -86.0 -80.43 -9273.06 

C10 ImN(iPr)2 IiPr -87.5 -87.1 -81.68 -9275.36 
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C11 ImN(tBu)2 ItBu - - -78.98 -9278.44 

C12 ImN(Cy)2 ICy -86.8 -85.5 -82.79 -9276.91 

C13 ImN(Ph)2 IPh -75.5 -82.0 - - 

C16 ImN(Mes)2 IMes -83.9 -84.8 - - 

C19 Im(Me)2N(Me)2 
MeIMe -88.2 -86.5 -84.79 -9278.80 

C20 Im(F)2N(Me)2 
FIMe -73.7 -76.8 -69.46 -9258.89 

C21 Im(Cl)2N(Me)2 
ClIMe -72.9 -77.4 -69.20 -9259.65 

C22 Im(NO2)2N(Me)2 
NO2Me -54.7 -65.6 -50.75 -9235.71 

C23 BImN(Me)2 BMe -79.3 -80.8 -76.02 -9263.77 

C24 Py(b)ImN(Me)2 - -75.9 -80.6 - - 

C25 DPyIm - -77.9 -85.9 -74.54 -9265.40 

a Reference 164; b reference 99. 

2.3.2.2 Ligand Knowledge Base (LKB-C) 

The Ligand Knowledge Base approach has also been applied to carbenes and related C-donor 

ligands, giving LKB-C.166 While the initial work included 100 carbenes, calculated with BP86/6-31G*, 

LACV3P on metals, substantial ligand data are currently held in-house and in preparation for 

publication.167 The philosophy and approach in this database are very similar to work on P-donor 

ligands, but some of the complexes (Figure 6) and the descriptors derived from these calculations 

(Table 16) have changed to accommodate the differences in coordination behaviour and ligand 

shape, as alluded to in other studies.  

 

Figure 6: Complexes used in LKB-C.166 

In brief, the He8_steric descriptor uses a shorter distance between the ligand and the ring of helium 

atoms, and a square-based pyramidal ruthenium(II) fragment has been added as the angular changes 

around the metal centre capture differences in NHC size and coordination behaviour. The energy 

difference between triplet and singlet electronic configurations of the free ligand has also been 

included, allowing an indirect assessment of ligand stability (discussed further in section 2.3.2.3). Table 

16 summarises the descriptors used in LKB-C, while Table 17 presents a subset of calculated 

descriptors, with the full data summarised in the supporting information; processing of these 

descriptor to give a map of carbene chemical space will be discussed in section 3.1 below. 

Table 16: Descriptors in LKB-C.166 
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descriptora derivation (unit) 

Free Carbene Species (L, descriptors for singlet and triplet configurations) 

EHOMO(s)  energy of highest occupied molecular orbital (Hartree) 

ELUMO(s) energy of lowest unoccupied molecular orbital (Hartree) 

Et-s  Et-s = E(triplet) – E(singlet) (kcal mol-1) 

He8_steric interaction energy between singlet L in ground state conformation 
and ring of 8 helium atoms; Ester = Etot(system) – [Etot(He8)+Etot(L)]b 
(kcal mol-1) 

Protonated Ligand ([HL]+) 

PA proton affinity; calculated as the difference between the energy of 
the neutral and protonated singlet L (kcal mol-1) 

Gold Complexes ([AuClL]) 

Q(Au fragm.) NBO charge on AuCl fragment  

BE(Au) bond energy for dissociation of L from [AuCl] fragment (kcal mol-1)c 

Au-Cl r(Au-Cl) (Å) 

Au-C r(Au-C) (Å) 

Δ C-A (Au) change in av. r(C-A) in complex compared with singlet L (Å) 

Δ A-C-B (Au) change in av. <(A-C-B) in complex compared with singlet L (°) 

Palladium Complexes ([PdCl3L]-) 

Q(Pd fragm.) NBO charge on [PdCl3]- fragment 

BE (Pd) bond energy for dissociation of L from [PdCl3]- fragment (kcal mol-1)c 

Pd-Cl trans r(Pd-Cl), trans to ligand (Å) 

Pd-C r(Pd-C) (Å) 

Δ C-A (Pd) change in av. r(C-A) in complex compared with singlet L (Å) 

Δ A-C-B (Pd) change in av. <(A-C-B) in complex compared with singlet L (°) 

Ruthenium Complexes (trans-[RuCl2(PH3)2L]) 

Q(Ru fragm.) NBO charge on [RuCl2(PH3)2] fragment 

BE (Ru) bond energy for dissociation of L from [RuCl2(PH3)2] fragment (kcal 
mol-1)c 

Ru-C r(Ru-C) (Å) 

Ru-Cl av. r(Ru-Cl) 

Ru-P av. r(Ru-P) 

Δ C-A (Ru) change in av. r(C-A) in complex compared with singlet L (Å) 

Δ A-C-B (Ru) change in av. <(A-C-B) in complex compared with singlet L (°) 

< Cl-Ru-Cl < Cl-Ru-Cl (°) 

< P-Ru-P < P-Ru-P (°) 
a All calculations were performed on isolated molecules; b centroid-donor distance = 1.88 Å; c BE = 

[Etot(fragment) + Etot(L)] – Etot(complex) 

To establish some of the descriptors, correlations with other data were explored in this initial report, 

including comparing the He8_steric descriptors with %Vbur data; this showed similar trends were 

captured by the two steric descriptors. However, detailed analysis suggested some differences in the 

responsiveness of data, with He8_steric achieving slightly improved resolution, possibly due to 

capturing the steric demands of a metal coordination environment better. Correlations between 

electronic descriptors were also explored, illustrating that the Pd-Cl distance trans to the carbene 

ligand appears to capture ligand effects similar to TEP and CEP data. 
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Table 17: Subset of LKB-C descriptors. See ESI for full dataset and Table 1c for ligand structures.166 

Ligand 
No. Carbene Ligand 

 
Acronym Et-s  PA 

He8_ 
steric 

BE 
(Au) Au-Cl BE (Pd) 

Pd-Cl 
trans BE (Ru) Ru-C < Cl-Ru-Cl 

< P-
Ru-P 

Mean  
Ru-Cl 

Mean 
Ru-P 

C1 sImN(H)2 - 102.95 268.79 2.24 91.66 2.306 61.02 2.378 83.37 1.924 174.7 174.7 2.441 2.333 
C2 sImN(Me)2 SIMe 73.17 274.63 17.94 91.20 2.309 50.51 2.383 69.24 1.960 155.2 173.3 2.431 2.338 
C3 sImN(iPr)2 SIiPr 85.69 280.28 25.67 92.46 2.314 53.56 2.385 67.77 1.972 156.4 170.1 2.434 2.337 
C4 sImN(Ph)2 SIPh 50.38 281.85 12.50 94.03 2.310 55.90 2.376 69.93 1.938 157.5 162.2 2.422 2.346 
C5 sImN(Dipp)2 SIPr 60.46 279.12 20.85 87.03 2.316 49.22 2.377 58.31 1.937 163.5 153.5 2.427 2.341 
C6 sImN(Mes)2 SIMes 42.06 283.25 17.40 90.95 2.318 48.90 2.379 67.45 1.951 162.9 154.4 2.432 2.338 
C7 sImN(2,6-Me-C6H3)2 SIXy 69.52 279.70 18.66 89.11 2.314 47.81 2.379 65.78 1.950 162.3 154.1 2.431 2.340 
C8 ImN(H)2 - 82.53 265.89 2.24 90.29 2.304 61.62 2.374 80.27 1.944 176.1 175.4 2.449 2.330 
C9 ImN(Me)2 IMe 83.66 273.63 13.62 90.44 2.310 50.87 2.382 68.54 1.973 157.3 173.0 2.434 2.336 

C10 ImN(iPr)2 IiPr 84.27 279.32 24.21 92.35 2.313 52.37 2.387 67.35 1.982 157.7 172.3 2.438 2.334 
C11 ImN(tBu)2 ItBu 81.75 282.09 67.59 88.12 2.318 44.51 2.385 29.09 2.007 146.1 160.6 2.440 2.349 
C12 ImN(Cy)2 ICy 84.42 282.62 24.63 92.92 2.314 52.74 2.386 67.56 1.984 157.2 172.8 2.438 2.334 
C13 ImN(Ph)2 IPh 68.34 273.20 19.42 82.35 2.312 44.93 2.374 60.04 1.953 160.9 162.4 2.428 2.341 
C14 ImN(Bn)2 IBn - 278.88 19.21 91.27 2.310 54.41 2.377 67.53 1.973 157.9 170.7 2.436 2.338 
C15 ImN(Dipp)2 IPr 81.38 282.15 19.57 90.42 2.317 45.49 2.374 59.75 1.951 164.3 155.0 2.428 2.335 
C16 ImN(Mes)2 IMes 47.61 283.01 15.70 90.45 2.315 48.54 2.379 66.13 1.954 164.7 155.7 2.434 2.335 
C17 ImN(2,6-Me-C6H3)2 IXy 75.11 281.02 15.42 90.23 2.314 49.11 2.376 65.99 1.954 164.5 155.3 2.434 2.336 
C18 ImN(Ad)2 IAd 84.89 285.03 74.33 88.51 2.325 44.33 2.384 36.42 2.043 122.9 177.9 2.435 2.335 
C19 Im(Me)2N(Me)2 MeIMe 86.57 281.30 12.89 94.12 2.312 53.36 2.384 72.02 1.980 157.9 172.9 2.438 2.334 
C20 Im(F)2N(Me)2 FIMe 100.26 265.92 11.04 89.16 2.304 53.29 2.374 68.57 1.967 157.7 172.6 2.432 2.337 
C21 Im(Cl)2N(Me)2 ClIMe - 264.63 12.85 87.28 2.304 52.83 2.371 66.93 1.967 157.3 171.0 2.432 2.339 
C22 Im(NO2)2N(Me)2  NO2IMe - 243.67 16.86 79.27 2.294 54.56 2.358 61.38 1.942 157.4 168.2 2.425 2.350 
C23 BImN(Me)2 BMe 77.28 273.03 16.22 90.13 2.306 51.94 2.375 68.91 1.957 156.3 174.2 2.426 2.340 
C24 Py(b)ImN(Me)2 - - 266.60 12.80 89.79 2.303 56.18 2.371 70.88 1.949 155.7 172.0 2.425 2.341 
C25 DPyIm - 46.46 275.43 17.01 89.49 2.306 35.46 2.381 69.30 1.969 156.7 177.5 2.428 2.339 
C26 IBioxMe4 - 63.65 279.23 28.70 92.61 2.316 53.36 2.384 57.48 2.003 142.3 171.2 2.427 2.337 
C27 PerN(iPr)2 - 56.65 278.49 44.38 83.37 2.311 52.25 2.373 44.66 2.042 133.8 167.9 2.464 2.349 
C28 ThNMe - 68.24 261.19 4.93 86.35 2.305 48.25 2.374 70.91 1.931 159.4 173.6 2.424 2.340 
C29 OxNMe - 81.90 257.53 3.05 86.72 2.299 47.79 2.371 71.92 1.910 162.3 171.7 2.421 2.339 
C30 BOxNMe - 73.51 260.53 3.15 86.84 2.295 50.04 2.366 74.31 1.901 161.9 171.2 2.418 2.342 
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2.3.2.3 Electronic Structure Trends  

The effect of structural changes on carbene stability and electronic properties has been investigated 

by multiple groups. These studies tend to focus on establishing carbene reactivity and electronic 

structure, as well as decomposing bonding contributions, with a view to establishing the extent of - 

and -bonding to metal-carbene interaction. Frenking’s group have made a considerable contribution 

in this area,168-171 using energy and charge partitioning approaches to assess the bonding in a wide 

range of transition metal-carbene complexes. By comparing calculated structural parameters with 

quantitative measures of backbonding,169 their work has helped to lay the foundations for other 

analyses (see for example references 142, 143, 153, 158, 172, 173); we note that other approaches to 

the analysis of backbonding have also been reported.174 When initially reported, such calculations 

tended to be focussed on comparing carbenes with each other, but some of these descriptors have 

found their way into catalytic applications more recently and so merit inclusion here.  

Carbene reactivity has been related to singlet-triplet gaps in a number of early studies,175, 176 with later 

formalisation to predicting the likelihood of dimerization as discussed in detail by Cavallo and co-

workers.177 This computational study highlighted the balance between steric and electronic effects by 

using %Vbur and ES-T in a multivariate model to predict the enthalpy of dimerization, which could allow 

the evaluation of new designs. This energy gap has been used as a descriptor by a number of groups 

interested in catalysis, including LKB-C166 (section 2.3.2.2). 

Phukan and collaborators,155-157, 178-184 have again used a range of descriptors to assess carbenes; while 

the exact selection varied with application and no single coherent database has been presented, 

capturing carbene properties across a wide range of structural modifications, most of these studies 

have included calculated singlet-triplet gaps as a measure of the thermodynamic stability of carbenes, 

along with HOMO-LUMO gaps as a measure of the kinetic stability (PBE1PBE/6-31G*, SDD on metals). 

Studies have included comparison of carbenes with silylenes, germylenes and abnormal carbenes,178, 

182 analysis of ring size and heterocycles on carbene properties,179 the introduction of boron 

substituents to carbene (NHC and PHC) backbones,156 the effect of additional rings and carbonyl 

substituents on normal and abnormal NHCs,157 analysis of remote carbenes,181, 183 consideration of 

adduct formation for normal and abnormal NHCs,180 and small molecule activation by cyclic 

(alkyl)(amino) carbenes (CAACs).184 Overlap with our core set of carbenes (Table 1c) is quite poor as 

these studies have been focussed on novel/unusual structures, so data have not been compiled in this 

case. 

These studies also reported a number of additional descriptor and energy calculations, allowing orbital 

analysis, predicting redox potentials, metal and fragment binding energies, nucleophilicity, 

electrophilicity, proton affinity, assessing aromaticity through Nucleus Independent Chemical Shifts 

(NICS185) etc., as well as a range of calculated NMR data to assess different ligand structures. For the 

latter, the 31P chemical shifts of carbene-phosphinidene adducts (Scheme 7b) have been calculated 

for a range of carbenes,157, 181, 182 relating to other experimental and computational studies as noted 

in section 2.2.1.1 above.  

A combined experimental and computational study reported by a consortium of authors led by Nolan 

and Cavallo153 included both 77Se and 31P chemical shifts for 24 selenoureas and 11 carbene-

phosphinidene (Table 13). The experimental NMR measurements were supplemented by an extensive 

computational analysis, not just of DFT-calculated NMR shielding (BP86/TZ2P), but also including 

charge analyses, orbital interactions and bond energy decomposition analysis. Correlations between 

experimental and calculated data, as well as further analysis of different calculated descriptors 
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allowed the authors to establish the reasons for the experimentally observed changes in chemical shift 

and to relate these to donor/acceptor properties of NHCs. In addition, relationships between the two 

datasets could be explored. 

More recently, in a computational study of carbene-phosphinidenes,158 calculated descriptors derived 

from orbitals, charges and energy decomposition analyses have been used to establish relative -

acceptor strength of a structurally-varied set of 21 carbenes. The DFT-calculated (BP86/def2-

TZVPP//BP86/def2-SVP) 31P chemical shifts were found to correlate strongly with experimental data, 

and analysis of the correlation between these and a range of bonding parameters allowed the authors 

to establish the usefulness of these chemical shifts, in line with earlier work, including that by 

Vummaleti and co-authors.153 They also noted that correlation between 31P chemical shifts and both 

singlet triplet and HOMO-LUMO energy gaps of free carbenes are low, suggesting that this NMR-

derived descriptor captures a different aspect of carbene electronic structure which the authors 

identified as the relative -acidity, ostensibly free of other effects. 

The groups of Frison and Huynh173, 186 have also used frontier molecular orbital analyses, along with 

calculated proton affinities, HOMO-LUMO and singlet-triplet gaps to analyse trends in the electronic 

structures of carbenes and related divalent carbon donor compounds (using B3LYP/aug-cc-pVTZ 

calculations, with ECP basis sets on metals); as with the work of Phukan and collaborators, their main 

focus was on the effect of structural changes. In their second study,186 they established the usefulness 

of their approach by relating ligand properties to a range of measures examining the metal-ligand 

bonding, presenting multiple high correlations between ligand descriptors and metal complex data for 

14 NHCs. 

 

 

Different metathesis catalysts (Scheme 10) have been investigated using calculated descriptors  

derived from orbital analysis and NBO analysis.187 In this case, the focus was on 11 different metal 

carbenes, taking advantage of the mechanistic convergence for Fisher, Rebbe, Grubbs and Schrock 

carbene complexes, for which property data were extracted from PBEPBE-D3(BJ)/cc-pVQZ, SDD on 

metals//PBE/DNP calculations. Principal component analysis (the approach is discussed in greater 

detail in section 3.1) of the MO and NBO data, treated both separately and as a single set, was then 

used to select the most important descriptors, i.e. those that loaded highly. More detailed analysis of 

those individual descriptors allowed the authors to develop a general activity trend for these 

metathesis catalysts, based on a key step in the reaction pathway, and to propose orbital-based 

descriptors as an indication of chemical activity for such catalysts. 

 

2.4 Other Ligands 
While we have deliberately focussed this review on ligand classes that have found very widespread 

use, it is worth noting that calculated descriptors, both individual and in databases, have been used 
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for the analysis of other ligands as well; some recent examples are summarised in Table 18 and a 

subset of these will be considered in the section on data analysis (section 3.2 below). As with P-donor 

ligands and carbenes, DFT calculations have been used most commonly to optimise structures, and 

descriptors often include the familiar steric descriptors, such as cone angles and %Vbur, as well as IR-

derived data to determine electronic properties. 

Table 18: Overview of calculated descriptors for other types of ligands described recently. 

Ligands, Application Descriptors Reference 

Salen and acacen’ ligands (16) 
coordinated in oxo-Mn(salen) complexes, 
axial side occupied by donor 
ligands/halide 

Geometric and structural data harvested 
from DFT calculations, analysed with 
PCA. 

188 

Dithiolate ligands in MN2S2 complexes, 
evaluation for possible synthetic 
applications 

Consideration of cone, solid and wedge 
angles, %Vbur, IR stretches. 

189 
 

N- and N,N-donor ligands (filtered to 115 
molecules), Fe(II/III) redox couples/spin-
crossover complexes using artificial 
neural networks. 

Large database of simple descriptors 
(topology, size, elements, 
electronegativity), pruned for high 
correlation with redox potentials. 

15, 23, 
190, 191 

Bidentate pyrrolide, indolide, aryloxide, 
and bis(thiolate) ligands (12), applied to 
analysis of titanium-catalysed 
hydroamination 
 

%Vbur, natural ligand donor parameter 
(LDP) developed by Odom’s group,192, 193 
ligand properties derived from simplified, 
monodentate ligands X on [NCr(NiPr2)2X] 
 

194 

Cyclopentadienyl ligands (22) in Rh(III)-
catalysed C-H activations 

NMR, CO stretching, redox potential, 
charges, cone angles, Sterimol 
parameters 

195 

P,N-donor and Cp/Cp* ligands (11), 
coordinated to Ruthenium catalysts for 
alkene isomerisaton, study of selectivity 
and activity 

Initial calculation of 308 descriptors, 
reduced through further analysis to 6 key 
descriptors, analysis discussed in section 
3.2 below. 

196 

Asymmetric bidentate ligands (19) with 
range of donor groups coupled via ortho-
phenylene bridge, coordination to 
Rh(CO)2 fragments. 

IR stretching frequencies L2EP in 
isostructural Rh complexes 

197 

Pyridine-oxazoline ligands (36), analysis 
of Pd-catalysed redox-relay Heck reaction 
and Ru-catalysed Carroll rearrangement 

Ligand descriptors (IR vibrational modes, 
NBO charges, Sterimol parameters), 
metal complex-derived descriptors 
(PdCl2(LL), metal NBO charges, M-L 
bonding orbital energies, Sterimol 
parameters, %Vbur, structural parameters 
including bite angles, M-D distances etc.). 

198 

-Amino acid ligands (37), used in Pd-
catalysed C-H functionalisation reactions 

Molecular descriptors harvested from 
calculations on ligand and Pd-
coordinated ligand, including NBO 
charges, %Vbur, structural parameters. 

199 
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3. Case Studies 
As section 2 has demonstrated, there is no shortage of descriptors which seek to capture the steric 

and electronic properties of ligands, both in isolation, and when coordinated to transition metal 

complexes. Not surprisingly, descriptors seeking to capture the same effect are often correlated 

(indeed, correlation has frequently been used to socialise users to a new descriptor17, 35, 72, 125, 166), and 

the differences between such parameters can be subtle, making it challenging to determine which 

subset of descriptors would be “best” for a problem in hand. Where curated descriptor databases 

have been presented, data for each ligand calculated in different coordination environments will give 

rise to descriptors that are correlated with each other,35, 95 further complicating the selection and 

comparison of regression models. Faced with such a lack of certainty, different groups of researchers 

have adopted different strategies and philosophies, and this section will set out some case studies to 

illustrate how calculated descriptors have contributed to the discovery, optimisation and design of 

catalysts, maintaining our focus on homogeneous organometallic systems. These case studies fall into 

two main categories, the mapping of chemical space (section 3.1) and the analysis of catalyst 

performance (section 3.2). 

 

3.1 Mapping Chemical Space  
Property descriptors can be used to illustrate how similar molecules are to each other, and indeed 

Tolman’s 1977 review16 included a scatter plot of cone angles and electronic parameters for all the 

monodentate P-donor ligands considered.17 Similarly, other steric and electronic descriptors have 

been used in this fashion (Cundari’s SEP and S4’;58 Suresh’s Eeff and Seff,98 both reviewed in reference 

17), highlighting the extent of sampling of ligand space and allowing unusual ligand structures to be 

set into context. Larger descriptor databases can also be processed to produce such “maps” of 

chemical space, and this area has recently been reviewed,20 allowing us here to pick out some 

highlights. 

Arguably, the biggest impact of the ligand knowledge base approach has arisen from the processing 

of descriptors by principal component analysis (PCA), producing such maps of the relevant ligand 

space for LKB-P,35, 96, 97, 106 LKB-PP124-127 and LKB-C.166, 167 PCA is a statistical projection technique often 

used in image processing to identify the main variation in a dataset (see reference 20 and further 

references cited therein). Within each ligand set, LKB descriptors are highly correlated as they focus 

on the same ligand in different coordination environments,35 hampering visualisation of the data in 

simple scatter plots, as well as interpretation in terms of familiar steric and electronic effects. PCA can 

be used to derive new descriptors (principal components, PCs), which are linear combinations of the 

original parameters optimised to capture most of the variation in the dataset in as few dimensions as 

possible, with the added advantage that PCs are orthogonal and so not correlated. Plotting the 

principal component scores for ligands for the first few PCs (PCs 1 and 2 usually capture around 60 % 

of the variation in the data set for LKBs) shows that ligands with similar properties have similar scores 

and so appear close together, while greater differences are shown by increased distances between 

data points. PCs can also be used as variables in multivariate regression analysis (principal component 

regression, PCR),95 and a related approach for the derivation of latent variables forms the basis of 

partial least squares regression (PLSR).94-96  

Interpretation of the composition of principal components can be challenging, in part because this 

approach is not statistically robust, i.e. the composition, order and descriptor loadings change as the 

ligand set is changed.35, 95 More importantly, perhaps, the approach highlights the largest 

contributions to variation in the data set in the first few PCs, and these are often a combination of 
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steric and electronic effects, defying the more familiar use of separate steric and electronic 

dimensions. This notwithstanding, we have noted that the spatial relationship between ligands rarely 

changes once a varied set of ligands has been captured, and have begun to attach tentative meaning 

to the first few PCs, as shown for LKB-P in reference 96. In this context, it is also worth noting that PCA 

analysis is particularly good at identifying fundamental differences between ligands, such as the 

differences in coordination behaviour and electronic structures of different types of carbenes (Figure 

7).166 This can make it harder to compare different ligand types, as discussed for P,P- and P,N-donor 

ligands in LKB-PP, as PCA is designed to highlight such differences.125 However, it can also lead to a 

helpful separation of substituent effects as illustrated in LKB-PPscreen (Figure 8).124 

 

Figure 7: Principal component score plot (PC1 and PC2) for ligands in LKB-C,166 capturing 58 % of 

variation in data. Colours and shapes relate to substitution pattern, where red triangle = Schrock-type, 

black square = Fischer type, blue dot = NHC/Arduengo.  
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Figure 8: LKB-PPscreen ligand map.124 Principal component score plot showing the first two principal 

components (PC1 and PC2) generated by analysis of the full LKB-PPscreen database of 28 steric and 

electronic parameters, calculated for 275 ligands. Each symbol corresponds to one ligand, with 

colour/shape representing different substituents as shown, and the first two PCs capture ca. 56 % of 

variation in data. Reproduced from reference 124 with permission from the Royal Society of 

Chemistry. 

Ligand maps can be used in their own right to select alternative ligands and set novel designs into 

context, as demonstrated for fluorophosphines106 and a range of unusual ligand designs.97, 127 Going 

beyond a comparison of ligand properties, such maps can also be used to explore the sampling of 

ligand space by a set of ligands, either, as is the case in this review, driven by commercial and data 

availability, or for the Design of Experiments (DoE)56, 200 and the identification of areas of ligand space 

that correspond to favourable catalyst performance, as described by both us96 and others200 for LKB-

P.96 Such applications crucially depend on the availability of suitable experimental data. Here, catalyst 

screening with designed ligand sets, followed by several iterations of data analysis and further 

screening, are perhaps most promising.12, 200  

Figure 9 illustrates the distribution of the P-donor ligand set considered here on the latest published 

version of the LKB-P map,97 with similar maps for LKB-PP127 and LKB-C166 included in the ESI (Figures 

S1 and S2). Some areas of ligand space are sampled more thoroughly than others (towards the right 

hand (Eastern) side of the map, and chemically-biased towards alkyl- and aryl-substituted ligands), 

which can ultimately affect the predictive performance of models, especially where models begin to 

extrapolate, but may also reflect chemical stability, areas that contain privileged ligands for a wide 

range of reactions, and indeed biases introduced by commercial availability and the preferences of 

many research groups. 
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Figure 9: Ligand map generated by principal component analysis of 28 ligand parameters capturing 

the structures and energies of 366 P-donor ligands through DFT-calculated parameters, collected in 

LKB-P.97 The principal components shown capture 62 % of the variation. Each symbol corresponds to 

a ligand, and shape and colour are determined by substituents as shown in the legend. Ligands 

considered here (Table 1a) are marked by red boxes. 

We have also used LKB descriptors to fit multivariate regression models for the interpretation and 

prediction of ligand effects on catalyst properties, which is discussed in section 3.2. 

 

3.2 Analysis of Catalyst Performance  
As set out in the introduction, researchers in organometallic and coordination chemistry tend to be 

reasonably comfortable with using steric and electronic parameters to analyse, interpret and predict 

catalyst properties, regardless of whether such parameters have been calculated, or measured 

experimentally. Perhaps the most familiar applications of ligand descriptors are thus in the detection 

of linear free energy relationships (LFERs) and quantitative structure-property/activity/selectivity 

relationships (QSPR/QSAR/QSSR). In this context, relationships between a response variable capturing 

catalyst performance and a single descriptor, or a relatively small number of descriptors, are generally 

most accessible and intuitive. Most of the approaches discussed here contain at least some scatter 

plots to illustrate such a relationship, and many rely on linear correlations/trendlines, while some hint 

at a more complicated relationship described by a curve. As noted above, correlations between 

different descriptors are also often demonstrated by scatter plots and relatively simple mathematical 

equations. Correlation and regression coefficients for a single variable are thus a familiar sight, and 

can indeed lead to improved catalysts, e.g. if a higher yield shows a strong linear correlation with a 
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single descriptor. As we have noted before,17, 54 correlation does not necessarily imply causation and 

interesting new discoveries may well arise from the failure of a simple model.106  

In line with our understanding of metal-ligand interactions, steric and electronic effects often 

contribute to an experimentally-observed outcome in homogeneous catalysis, necessitating more 

complicated, multivariate analyses, and, as noted above, correlation between descriptors can mean 

that several models with seemingly comparable performance can be fitted. In such instances, model 

evaluation becomes crucial, and a number of criteria need to be considered:  

a) How well the model captures the data available. This is usually assessed by a regression coefficient 

(R2), which should be close to 1 when the relationship is described well by the regression model fitted. 

Regression coefficients can be low for good reasons (e.g. due to a wide range of data, well-understood 

outliers), and a more nuanced evaluation of model fit may be necessary. 

b) How large and chemically varied the training set is. This could be assessed by inspection of a map 

of chemical space (section 3.1, e.g. Fig. 8), but more commonly this is done by visual inspection of the 

systems considered, or it is based on the range and spread of values for a single descriptor. Defining a 

desirable criterion for assessing the training set will be determined by the intended use of a model 

(what one might term the “Domain of Applicability”, i.e. whether a local or global model will be fitted), 

but, even for a relatively limited chemical space, the statistical approaches used generally assume that 

the training data will be a random and representative sample of the global population, something that 

may not be true for chemical data. 

c) How many variables one is comfortable with including in the model. As noted above, a small number 

of variables can be easier to interpret and visualise, while additional descriptors are likely to improve 

model fit, at least up to the point where noise is fitted. There is thus a trade-off between interpretation 

and prediction, as well as a risk of overfitting. 

d) What an acceptable performance in terms of prediction errors might look like. If there are enough 

data, splitting a database into training and test sets and providing an independent measure of 

predictive performance will be most desirable, but this is not always feasible, especially not if datasets 

are small, or sampling between different types of compound is uneven, as models may end up 

extrapolating by accident, due to such a split. Cross-validation and bootstrapping approaches to 

estimating prediction errors for model evaluation and comparison can provide alternative measures 

of the reliability of predictions. 

 

Whether the model is likely to have any transferability to other types of chemistry, and the ability to 

consider more than one type of ligand/catalyst, might also be useful considerations. The case studies 

considered in this section have placed different emphases on these criteria, and their grouping is 

guided largely by criterion c, i.e. the number of variables in the model, with a further split according 

to how many classes of ligands were treated together by the same approach.  

3.2.1 Single Class of Ligand 

The most common approach to data analysis relevant to organometallic catalysis is focussed on a 

single type of ligand. Few studies in this context attempt prediction of an experimental response based 

on its relationship with a single descriptor, although the study by Coll and collaborators showed the 

individual correlations between experimental pKb data and their Imin and Vmin descriptors, albeit 

without attempting pKb prediction.66 
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Most authors allow for a multivariate approach, exploring individual correlations to reduce the 

number of descriptors considered, using mechanistic insights to guide their descriptor selection, or 

using more sophisticated data analysis techniques such as PCA on the descriptors to identify key 

effects.  

 

Doyle and Wu have investigated Csp3 Suzuki coupling of acetals with boronic acids (Scheme 11) to 

afford benzylic ethers, using nickel complexes with phosphine ligands.39 Using a small number of 

descriptors (Vmin, %Vbur and ), they investigated a set of 17 bulky phosphine ligands. With a view to 

understanding which structural features of these ligands were important, they initially explored the 

correlations of individual descriptors with yield, finding steric effects to be more important than 

electronic effects. By considering both cone angles () and buried volume (%Vbur), they established 

that remote steric effects, marked by small buried volumes and large cone angles, are important in 

the development of successful catalysts for this reaction. Their best quantitative model, fitted to 

consider the number of parameters as well as the regression coefficient of models, involved all three 

descriptors, as well as a cross term, and achieved both a high R2 (0.96) and good predictive 

performance as measured by leave-one-out crossvalidation (Q2=0.88). Additional discussion in their 

ESI addressed the problem of cross-validation if one system is an outlier, as well as the cross term. 

Their investigation suggested a new catalyst, bearing the novel (P(Cyp)2(3,5-TRIP-Ph)) ligand (Scheme 

11), which was found to give good yields for the desired reaction across a wide range of substrates. In 

addition, they noted that %Vbur and  are not always directly correlated, with the correlation diverging 

once %Vbur was high enough to prevent any catalytic activity. 
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Figure 10: Model development workflow applied by Sigman and co-workers. Reprinted with 

permission from reference 14. Copyright 2018, American Chemical Society. 

The Sigman group have become well known for their use of LFER and MLR in combination with 

extensive experimental screening data. While their earlier work focussed on asymmetric catalysis and 

the control of selectivity (reviewed in reference 13), more recently they have used ligand descriptors 

to elucidate mechanistic information, optimise ligand structures for specific reactions and produce 

models to predict the performance of experimental studies (reviewed in reference 14). Their workflow 

for the latter is reproduced in Figure 9 and generally focuses on the identification of descriptors which 

correlate to experimental results, yielding mechanistic insights and thus guiding catalyst optimisation. 

Depending on the problem considered, their models can utilise just one or several descriptors and 

model evaluation typically involves the separation of the ligands/complexes under study into training, 

test and validation sets, allowing the development of models which are more robust and not reliant 

on a singular data set.  

Generally,14 descriptors of interest are identified by inspection of large libraries of steric and electronic 

ligand descriptors, either computed, often with some truncation/simplification, or the initial 

parameter set is chosen based on previous investigations and mechanistic information. Descriptors 

are then normalised and descriptor correlations are identified, helping to reduce the number of 

descriptors before MLR as the presence of over-correlated descriptors is considered likely to amplify 

their underlying random noise, or lead to overfitting. Recently, the group have also begun to use 

correlation maps to improve the identification of high correlations between descriptors.14 

In the next step, simple correlations between response data and individual descriptors are identified, 

using similar ligands which differ structurally in a single, interpretable way. While this is not always 

possible, it can help in the development of their final multivariate model. MLR using the chosen 

descriptors is followed by model evaluation through cross-validation and external testing, with a view 

to determining whether the model can be used for prediction. This workflow has been applied to a 



 

54 
 

wide range of reactions,13, 14, 36, 37, 90, 123, 154, 198, 199, 201, 202 and we have noted the use of different ligand 

descriptors in such studies throughout section 2.  

 

A representative example of this data analysis approach is the parameterisation of 38 P-donor ligands 

for Suzuki reactions (Scheme 12),36 where they calculated the lowest energy conformers with the 

highest and lowest cone angles for each ligand. Descriptors were then computed for the two 

conformers of each ligand, with an MLR model, utilising five of their descriptors (P-Cbend(ν), 31Pshift, 31P-

Seshift, P-Cbend(i) and cone angle), able to predict experimentally-measured ΔΔG‡ reasonably well 

(R2=0.90 for predicted vs. experiment). They noted, however, that this global model is difficult to 

understand due to the presence of four cross terms, and that interpreting mechanistic information is 

not possible. Drawing on extensive mechanistic studies by others, they separated ligands according to 

whether it is the L2Pd or LPd complex that undergoes oxidative addition. This allowed them to develop 

simpler models which were easier to interpret. A univariate model utilising the 31P-Seshift achieved 

prediction of ΔΔG‡ with an R2=0.86 and the Buchwald biaryl ligands, as well as smaller phosphines 

considered, were found to be better described by the descriptors calculated using the minimum cone 

angle conformer (R2=0.84), rather than the maximum used in the global model (R2=0.78).  

While this approach depends on the availability of relatively extensive experimental data, other 

studies from this group have shown how the chemical insights gained from smaller-scale analyses of 

ligand effects can guide synthetic work towards promising targets,37, 123 neatly bridging LFER/physical 

organic chemistry approaches with large-scale descriptor calculations. 

A similar approach has been used by Paton and co-workers, applied, for example, to an exploration of 

correlations and regression models for cyclopentadienyl ligands in rhodium-catalysed C-H 

activations195 and for the analysis of copper-catalysed asymmetric conjugate additions.92 While the 

latter study, considering ligand screening data for more than 30 chiral phosphoramidite ligands 

(Scheme 4),92 cited Sigman’s approach as an influence, their analyses have been supplemented by DFT 

optimisations of the transition states in the selectivity-determining step of the reaction, adding further 

mechanistic insights which supported the design of additional ligands. The ESI for this study provided 

additional details of the process used to derive and evaluate regression models, which included 

forward selection, cross-validation and splitting the data into training and test sets. As noted above, 

their initial descriptor database included descriptors for both the whole ligands and truncated 

aromatic substituents, and their final model included aromatic HOMO energies along with Sterimol 

steric parameters. This approach demonstrates how data analysis can guide not just experimental 

screening but also computational mechanistic studies towards the most promising targets, but also 

discussed the need for further experimental optimisation to achieve a successful catalyst after initial 

screening failed to match predicted yields (although good selectivities). 

Potential applications of the LKB descriptors in models for both interpretation and prediction have 

been discussed extensively, and we have explored both the direct use of calculated descriptors in 

multivariate linear regression,35, 125 and the use of derived variables in PCR and PLSR, fitting models 

for experimental35, 96, 125 and calculated data,96, 125, 166 as well as exploring the relationship between our 
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descriptors and the TEP.35  In collaboration with Mansson and Welsh,95 we have also explored more 

sophisticated statistical approaches for modelling TEP, including robust linear regression, Least Angle 

Regression (LAR) and the Least Absolute Shrinkage and Selection Operator (LASSO). Potential issues 

around sampling of ligand space and model robustness have been explored, highlighting that for TEP 

at least, a multivariate linear regression model can achieve reasonably good performance, with robust 

regression also worthy of consideration. Later work on an expanded version of LKB-P96 explored the 

analysis and modelling of high-throughput screening data on palladium-catalysed amination reactions 

reported by Hartwig’s group,203 which allowed us to compare multivariate linear regression (MLR) and 

PLSR. Both models were quite poor, but PLSR captured the overall trends across the ligand map better, 

while MLR gave a better fit to the response data, at the cost of likely overfitting. In this case, overlap 

between published experimental data and ligands in LKB-P was rather limited, making more extensive 

analysis difficult; we have also reported the statistical analysis of larger datasets of calculated data, 

using the binding energy of CO trans to ligands in [Cr(CO)5L] complexes as the response.96, 125, 166 This 

allowed us to compare different approaches on a bigger dataset, illustrating that both MLR and PLSR 

can achieve satisfactory model performance as measured by R2 and prediction error estimates. 

LKB-P descriptors have also been used in a small-scale computational study of the palladium-catalysed 

Suzuki-Miyaura coupling reaction,204 allowing us to quantify ligand effects on calculated barriers for 

each step along the reaction pathway. In this case, only 4 ligands were considered, with models 

focussing on just 3 descriptors (EHOMO, ELUMO and He8_steric). Standardised coefficients in these models 

helped with interpretation of ligand effects on each reaction step and were chemically plausible, but 

these models were too limited to attempt prediction. 

Grotjahn, Rothenberg and collaborators have investigated the development of descriptor-led 

predictive modelling for ruthenium-catalysed alkene isomerisation catalysts with P,N mixed-donor 

bidentate ligands.196 In their approach,115 a large database of semi-empirically (PM3) calculated 

descriptors (308 for each metal-ligand complex) for 11 catalysts were calculated. Their descriptors 

were then ranked and reduced in number by assessing their relationship with 4 figures of merit (FOMs) 

for the catalysts. The correlation between existing experimental data and the descriptor values 

allowed selection of those with the highest correlation to the FOMs, which included the yield (%) for 

either the 2-E-alkene or 3-E-alkene, turnover frequency (TOF) and turnover number (TON). For this 

subset of 6 descriptors, PCA was used to build a correlation model between the descriptors and 

experimental FOMs. Using a PCA biplot, four trends relating to catalyst structure and performance 

were observed. Using these, two new catalyst structures were proposed, synthesised and their 

descriptors calculated. PLSR modelling of the descriptors and FOMs predicted experimental FOM 

values for the two new catalysts. Adding these to diagnostic plots for the FOMs suggested generally 

quite successful predictions could be achieved, with particularly good results for TOF and TON. Their 

study highlights that descriptor-led prediction in transition metal catalysis can be achieved without a 

high-throughput screening (HTS) approach to generate experimental data, and they note that the 

insights gained exceed those from structural analyses of catalysts. 

However, with a large experimental dataset from more than 4600 reactions, obtained by ultra-high-

throughput screening at Merck, Dreher, Doyle and co-workers have been able to use calculated 

descriptors together with a range of machine-learning (ML) approaches to make predictions about a 

range of components in palladium-catalysed cross-coupling of aryl halides, including some exploration 

of ligand effects (Scheme 3, section 2.1.2.3). They were able to confirm their postulate that ML could 

produce better models than regression analysis, while avoiding the need for descriptor selection. 

Among a broad range of linear regression and supervised ML approaches considered, random forest 

models were found to be most successful. Limitations of this algorithm were discussed, and the use 
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of a sparse training set (5% of the data), showed that the model derived did indeed give superior 

performance for the prediction of yields, albeit with an erosion of accuracy. The authors conceded 

that model interpretation is difficult, but were able to relate descriptor contributions to mechanistic 

rationales. The ESI for this publication provides substantial further information on the approaches 

considered as well as the descriptor calculation and data analysis workflows developed. While only a 

small number of ligands have been considered, the screening of their interactions with other reaction 

variables is powerful in this case, and this presents significant challenges to many of the familiar, 

ligand-focussed descriptors reviewed here. We note that this study prompted some controversy and 

debate while the present contribution was already in review,107-110 highlighting that ML in 

homogeneous catalysis is still in its infancy. 

3.2.2 Comparison of different ligand classes 

As noted earlier, different ligand classes can afford similar or complementary reactivity in catalysis, 

and their comparison relies on the transferability of descriptors, as well as mechanistic consistency. 

Gusev59 presented a large-scale comparison of the donor properties of different ligand classes across 

a range of calculated experimental datasets, providing a quantitative comparison of their net donor 

properties, but we are not aware of applications of such data to make predictions relevant to catalysis.  

While predictions are likely to fail if changing the ligand accesses a different reaction pathway, 

problems with fitting a simple linear relationship across ligand classes can serve as a diagnostic for 

structural and mechanistic differences, as shown for copper-catalysed boracarboxylation of styrene 

with CO2 (Scheme 1).60 In this study, mono- and bidentate P-donor ligands were considered alongside 

NHCs, and the correlation of calculated reaction barriers with different descriptors highlighted 

differences between these ligand classes, prompting further structural and mechanistic analyses.  

Ligand effects in ruthenium-catalysed alkene metathesis have been considered by several authors,5, 

11, 100, 104, 154, 187 and here the comparison of different ligand families aligns well with the development 

of this chemistry. While so-called first generation catalysts relied on a P-donor supporting ligand, NHCs 

later replaced this design paradigm, with more recent developments also targeting the supporting 

ligands trans to the NHC.5, 11  

Jensen and co-workers have presented a number of computational and experimental studies in this 

area, with their QSAR model of ligand effects11 reviewed previously.12, 54 More recently, this group 

have worked towards automating the assembly of novel ligands from suitable fragments,205 and they 

have used their expertise around the mechanism of ruthenium-catalysed metathesis to test the 

resulting ligand library. The genetic algorithm used for catalyst evolution relied on an indirect fitness 

criterion, from a QSAR model fitted to DFT-calculated barriers, to evaluate each catalyst design, and 

this approach showed a clear preference for NHC ligands over phosphines. 

The group of Suresh have applied their molecular electrostatic potential (MESP) parameter to the 

analysis of stereoelectronic effects in both 1st104 and 2nd generation100 Grubbs catalysts for alkene 

metathesis, i.e. catalysts supported by phosphines and NHCs. These investigations revealed that the 

MESP parameters can be used to determine valuable descriptors for these complexes, which describe 

the steric (VS), electronic (VE) and stereo-electronic (VSE) effect of a given complex, compared to a 

reference system (PH3 and ImH2NH2 respectively for phosphines and NHCs). In these two studies, the 

active form [Cl2(L)Ru=CH2] 2 and ethene bound [Cl2(L) (CH2CH2)Ru=CH2] 3 form of the catalyst species 

were investigated. 

Calculation of VS, VE and VSE  for NHCs and phosphines in these studies was not entirely consistent, with 

NHCs requiring the combined value of the MESPs of both the carbene carbon (VC1) and the Ru-CH2 
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carbon (VC2),100 whereas phosphines used only the phosphorus atom (VP).104 This makes direct 

comparison of the ligands difficult, and may explain why these results were published in two separate 

reports. Nonetheless, once one considers the requirement to use the combined MESP values for 

carbenes, the method to calculate the three parameters is identical. The methodology for their 

calculation is shown below, with the 𝑃𝐻3
′  and 𝐼𝑚𝐻2

′ 𝑁𝐻2
′  systems representing structures where the 

fixed geometry of any given PR3 or ImR2NR2 ligand has had the R groups replaced with H, and the bond 

lengths of the N-H or P-H bonds changed to those of the respective PH3 or ImH2NH2 complex. However, 

the geometry is not modified or reoptimized, so the steric effect of the R groups is preserved without 

the electronic effect, allowing for calculation of VS.  

𝑷𝒉𝒐𝒔𝒑𝒉𝒊𝒏𝒆𝒔  

𝑉𝑆𝐸 = 𝑉𝑃(𝑎𝑐𝑡𝑖𝑣𝑒 𝑜𝑟 𝑒𝑡ℎ𝑦𝑙𝑒𝑛𝑒) − 𝑉𝑃(𝑃𝐻3) 

𝑉𝑆 = 𝑉𝑃(𝑃𝐻3
′ ) − 𝑉𝑃(𝑃𝐻3)  

𝑉𝐸 = 𝑉𝑆𝐸 − 𝑉𝑠 

 

𝑵𝑯𝑪𝒔  

𝑉𝑆𝐸 = (𝑉𝐶1 + 𝑉𝐶2)(𝑎𝑐𝑡𝑖𝑣𝑒 𝑜𝑟 𝑒𝑡ℎ𝑦𝑙𝑒𝑛𝑒) − (𝑉𝐶1 + 𝑉𝐶2)(𝐼𝑚𝐻2𝑁𝐻2) 

𝑉𝑆 = (𝑉𝐶1 + 𝑉𝐶2)(𝐼𝑚𝐻2
′ 𝑁𝐻2

′ ) − (𝑉𝐶1 + 𝑉𝐶2)(𝐼𝑚𝐻2𝑁𝐻2)  

𝑉𝐸 = 𝑉𝑆𝐸 − 𝑉𝑠 

Their data are shown in Table 19, and these reports illustrated that it is possible to interpret steric and 

electronic effects of ligand modification on catalysts using MESP descriptors specific to this reaction, 

which show good correlation with steric descriptors external to this study, such as the Tolman cone 

angle and S4’ (section 2.1.1.2). Having thus established that the MESP descriptors captured the desired 

properties, the authors then explored how well the relationship between either steric or electronic 

effects and calculated activation energies for key steps of the catalytic cycle could be fitted by a simple 

linear regression equation. While no prediction was attempted, the authors also noted that such a 

study could be useful for catalyst discovery or optimisation studies. No comparison of ligand classes 

was attempted, but we note that the relationship between activation energies and ligand descriptors 

appeared similar, and that NHCs generally gave rise to lower activation energies than phosphines, in 

line with their experimental performance. 

More recently, this group have looked at the palladium-catalysed oxidative addition of aryl halides to 

palladium catalysts.101 In this case, reaction-specific MESP data were considered for a varied set of 

supporting ligands, including phosphines, NHCs, alkenes and alkynes (Scheme 2). All calculated 

activation barriers correlate highly with the VPd2 descriptors (The MESP value at the Pd nucleus of 

PdL, Table 19), with separate relationships fitted not just for each ligand class, but also for each aryl 

halide. Trends within each subset are similar, and the regression equations could be used to predict 

activation barriers without calculating the relevant transition states and intermediates. However, 

aside from noting these trends and drawing some general conclusions about different ligand classes 

from VD descriptors, ligands were not compared in detail in this study. 
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Table 19: Reaction-specific MESP data for ruthenium-catalysed metathesis100, 104 and palladium cross-coupling.101 

  Cl2(PR3)Ru=CH2
a  Cl2(PR3)Ru(CH2CH2

a 

Ligand No. Phosphine Ligand VSE1 (kcal mol-1) VS1 (kcal mol-1) VE1 (kcal mol-1) VSE2 (kcal mol-1) VS2 (kcal mol-1) VE2 (kcal mol-1) 
∆VPd1 (PdL2) 

  (kcal mol-1)b 
∆VPd2 (PdL) 

  (kcal mol-1)b 

P1 PH3 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.0 

P2 P(Me)3 -6.39 3.47 -9.86 -5.40 3.31 -8.70 -11.1 -5.9 

P3 P(Et)3 -12.71 4.82 -17.53 -10.94 4.46 -15.41 -12.9 -7.4 

P4 P(iPr)3 -14.54 7.76 -22.31 -12.59 7.86 -20.45 -14.1 -8.5 

P5 P(nBu)3 - - - - - - - - 

P6 P(tBu)3 -11.96 14.89 -26.85 -9.93 14.49 -24.41 -15.7 -10.0 

P7 P(Cy)3 - - - - - - -16.0 -9.5 

P8 P(Ph)3 -7.05 6.14 -13.19 -3.87 6.11 -9.97 -5.9 -1.7 

P21 P(Ph)(Me)2 -6.23 4.06 -10.29 -4.23 4.37 -8.59 - - 

P22 P(Me)(Ph)2 -6.51 5.13 -11.65 -4.05 4.56 -8.61 - - 

P23 P(Ph)(Et)2 - - - - - - - - 

P24 P(Et)(Ph)2 -8.39 5.57 -14.14 -5.47 5.85 -11.33 - - 

 NHC Ligand (Acronym) Cl2(NHC)Ru=CH2
c  Cl2(NHC)Ru(CH2CH2)c   

C1 SImN(H)2  0.00 0.00 0.00 0.00 0.00 0.00 - - 

C2 SImN(Me)2 (SIMe) -2.64 4.55 -7.19 6.73 5.60 1.14 - - 

C3 SimN(iPr)2 (SIiPr) -5.58 5.02 -10.59 4.74 6.47 -1.73 - - 

C4 SImN(Ph)2 (SIPh) 2.53 8.30 -5.78 16.06 18.08 -2.03 - - 
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C8 ImN(H)2 - - - - - - 0.0 0.0 

C9 ImN(Me)2 (IMe) - - - - - - -0.9 -1.7 

C20 Im(F)2N(Me)2 (FIMe) - - - - - - 11.7 6.0 

C21 Im(Cl)2N(Me)2 (ClIMe) - - - - - - 11.1 5.5 

C22 Im(NO2)2N(Me)2 (NO2IMe) - - - - - - 38.3 24.1 

a Reference 104; b reference 101; c reference 100.
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4. Summary and Outlook 
This review has focussed on calculated descriptors, and most recent studies in this area have either 

used atomic coordinates for ligands and their complexes from a variety of calculations to derive a 

quantitative, usually steric, measure, or descriptors (and response data, in some cases) have been 

extracted from DFT calculations. Due to the advent of wide-spread high performance computing 

capabilities in academic departments, the field has matured considerably and we have been able to 

focus our review predominantly on work from the last decade or so, with some extensions to earlier 

studies to set these into context. We have compiled data for representative ligand sets, including 30 

monodentate P(III)-donors, 23 bidentate P,P-donor ligands and 30 carbenes, facilitating the future 

application of calculated ligand descriptors in the analysis of catalysis. Some of these datasets cover 

more extensive ligand databases and we have included some indication of these, as well as noting a 

selection of studies on other ligand types. Both individual descriptors and databases have been 

considered, the latter often curated and compiled over long time-spans, with a view to providing a 

more comprehensive collection of ligand property descriptors.  

By reviewing a series of recent application examples, we have illustrated how such descriptors have 

been used to inform catalyst discovery, optimisation and design, either through maps of chemical 

space, or using regression models and machine learning to help interpret and, in some cases, predict 

experimental and calculated observations. In this context, challenges for model building have been 

discussed, highlighting descriptor correlations, the effect of incomplete sampling of ligand chemical 

space, as well as the need to evaluate predictive performance through either cross-

validation/resampling, or, where possible, by splitting data into training and test sets. Most data 

analysis approaches are focussed on a single class of ligands, with comparison of several classes rare, 

and difficult; indeed, many descriptors are not transferable to other ligands, while others are reaction-

specific, again potentially limiting their applications, albeit improving data fits and predictions.  

With such an extensive survey in hand, we can identify some suggestions for best practice: 

a) Data: While there may be restrictions on data-sharing in some cases, we have found studies 

that included a summary table of descriptors, responses and predictions more accessible than 

those that have relied solely on scatter plots to highlight model performance. In addition, 

multiple versions of a descriptors may have been reported previously (especially for TEP, cone 

angles and %Vbur), and it would be helpful to identify which of these were used clearly.  

b) Philosophy: Descriptor calculations and data analyses are undertaken with a broad range of 

goals, ranging from the illustration of a computational or data analysis approach via 

mechanistic interpretation and all the way to prediction and design. Such choices can affect 

model size and evaluation, as well as transferability of descriptors and models. Some 

discussion of the choices made might help non-specialists decide on the most suitable 

approach for their area of interest. 

c) Quality of models: In a data-rich, digital research environment, inclusion of regression 

equations and coefficients (R2) with figures, as well as access to a broader range of diagnostic 

plots (residuals vs. predictions) in the ESI, along with the (chemical) discussion of persistent 

outliers, should become increasingly feasible. This would be akin to including coordinates for 

all calculated geometries in computational mechanistic studies and cif files for 

crystallography, and should again facilitate access of non-specialists to data-led approaches. 

d) Model testing: If predictions are made from a statistical model, their quality can be assessed 

in a range of ways, including diagnostic plots, cross-validation/resampling and the prediction 

of external test set data. Making these accessible, e.g. in the ESI, can help model evaluation. 
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e) Sampling: Catalytic activity can be limited to a small range of catalyst structures/ligands, with 

other systems inactive. From a data analysis perspective, the inactive systems are still worth 

knowing about, and some discussion of the sampling of chemical space achieved would be 

valuable in this context. 

f) Experimental testing: The uptake of data analysis in catalyst design can be facilitated by 

making experimental data available alongside descriptors and predictions. As set out for 

sampling, reporting of inactive systems and failed predictions are also helpful in this context. 

Most of the case studies reviewed here demonstrate these practices very well, and we will readily 

concede that there can be compelling reasons (such as journal restrictions on length and data sharing, 

as well as editorial decisions about clarity, and indeed a lack of time for data curation) for compromise. 

However, in both academic and industrial settings, considerable computing power and data analysis 

expertise are now available, and, in homogeneous organometallic catalysis, practitioners are moving 

towards applying this routinely, so it is perhaps timely to consider such issues.  

Indeed, there has been a notable (and exciting) increase in published studies using some form of 

correlation/regression analysis based on calculated descriptors over the last few years, which may 

well encourage other research groups to enter this field in the near future. Perhaps the data tabulated 

in this review for a core set of ligands can help facilitate entry to such newcomers, and provide a 

standard for setting new descriptors into context by relating them to other approaches. At the very 

start of such data-led studies of catalysis, it is worth considering whether interpretation of 

experimental data or prediction are the main focus, and also whether the chosen descriptors are 

meaningful for the project in hand and can be calculated easily, yet with appropriate accuracy.  

Taking each of these in turn, data analysis for the interpretation of experimental data often relies on 

small numbers of well-understood descriptors. While high correlations may be desirable, outliers can 

often be dealt with quite easily in such a setting, simply by data inspection, and more detailed 

computational study of structures and mechanism provides a feasible backup.  

Models for prediction generally benefit from bigger datasets (for both descriptors and responses) and 

better sampling of chemical space, as discussed in section 3.2. Here it may make sense to sacrifice 

some of the intuitive chemical understanding afforded by simpler models of isolated steric and 

electronic effects for improved model performance. However, multivariate approaches, with ML as 

their extremes, can produce a plethora of models with subtly different performances, making it 

difficult to pick “the best”; in such cases, models with fewer variables which make chemical sense are 

at least worthy of consideration, even if a black box model can achieve better predictions.  

Related to this is the question of statistical robustness, affecting projection techniques such as PCA, 

along with multivariate models. These approaches are sensitive to the dataset used, such that even 

small changes can alter the map or model generated, especially if so-called outliers are present. The 

underlying statistical assumption is that one is dealing with a random and representative subset of a 

global population, a premise which is frequently difficult to prove, and probably untrue, in chemistry. 

Some of these outliers are chemically meaningful, others just an accident of poor sampling, and it is 

worth reflecting on this when assessing model quality, rather than removing them from consideration 

to achieve a better fit.  

Finally, there is a trade-off between computational cost/convenience and the resolution of ligand 

properties which can be achieved by different descriptors, e.g. variations in electronic structure 

require some form of quantum mechanical calculation while steric bulk may be captured well by lower 

levels of theory. It is often worth investing time and effort not just in descriptor calculations, but also 
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in setting them into context, i.e. understanding whether they capture a single effect (steric or 

electronic), or a mixture. This investment may run counter to a desire for automation, but facilitates 

model evaluation down the line. Neither our collective understanding of mechanism in homogeneous 

organometallic catalysis, nor of applications of data analysis in chemistry are sufficient to use these as 

a black box, but great strides are being made to improve on this, with ligand descriptors and large-

scale experimentation and computational studies set to make important contributions.  
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