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Highly chemoselective ligands for Suzuki–Miyaura
cross-coupling reaction based on virtual ligand-
assisted screening†

Wataru Matsuoka,*a,b Yu Harabuchi,a,b,c Yuuya Nagatab,c and Satoshi Maeda *a,b,c,d

Ligand screening is a crucial step in the development of transition metal catalysis, as it involves identifying

the optimal ligand for a particular reaction from a large pool of candidate molecules. Conventionally, this

process is performed through an experimental trial-and-error, which can be time-consuming and

resource-intensive in many cases. One of the ideal strategies for streamlining this process is a transition

state theory (TST)-based approach, which aims to design optimal catalysts that results in the best energy

profile for the desired reaction. However, the implementation of TST-based ligand screening remains

challenging mainly due to the large number of potential ligands that need to be individually evaluated

through quantum chemical calculations. In this study, we experimentally demonstrated a practical TST-

based ligand screening in accordance with our virtual ligand-assisted (VLA) screening strategy. As a case

study, the electronic anc steric features of phosphine ligands that maximize chemoselectivity in the

Suzuki–Miyaura cross-coupling (SMC) reaction of p-chlorophenyl triflate were determined through

quantum chemical calculations using virtual ligands, and several phosphine ligands were suggested to

exhibit high chemoselectivity. Based on this suggestion, we successfully found that tri(1-adamantyl)phos-

phine and tri(neopentyl)phosphine show high to excellent selectivity for the C–Cl bond activation. This

case study suggests that the VLA screening strategy could be a useful tool for ligand screening.

Introduction

Homogeneous transition metal catalysis, including hydrofor-
mylation,1 olefin metathesis,2 and cross-coupling reactions,3

has been established as one of the most important reactions
in synthetic chemistry. Recently, the development of catalysts
with high efficiency and selectivity for a desired chemical
transformation, as well as unprecedented chemical bond
recombination ability, has been a central research topic in
organic chemistry. Generally, the performance of a transition
metal catalyst is largely influenced by auxiliary ligands, such
as organophosphorus compounds and N-heterocyclic carbenes

(NHCs).4 Therefore, identifying the optimal ligand for a par-
ticular reaction, a process known as ligand screening, is
crucial for the development of superior catalysts.
Conventionally, ligand screening is performed through an
empirical trial-and-error approach (Fig. 1a, left), which can be
time-consuming and resource-intensive in many cases.
Therefore, several approaches have been developed to stream-
line this process. One of the early examples is a high-through-
put experiment,5 in which chemical libraries of representative
ligands are prepared in advance, and the performance of each
candidate is evaluated in a high throughput fashion. Recently,
an in silico approach using informatics techniques has been
intensively studied (Fig. 1a, center).6 This approach involves
using experimental performances of certain ligands as a train-
ing dataset and investigating the relationship between their
structural features and performances to build a prediction
model. Many successful examples, where important but nonin-
tuitive ligand features were rapidly revealed by this approach,
have been recently reported.6

One of the most theoretical and potentially non-empirical
strategies is the transition state theory (TST)-based approach
(Fig. 1a, right).7–10 In this approach, the performance of a
ligand candidate is evaluated based on the assessment of the
potential energy surface (PES), rather than experimental
results, and the optimal ligand is identified as the candidate
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which results in the best energy profile for the desired reac-
tion. Because TST-based ligand screening can be hypotheti-
cally performed by quantum chemical calculations, without
relying on experimental works, this approach can be not only a
time- and resource-efficient way, but also a logical strategy for
enabling de novo catalyst design, which is often described as a
“holy grail” in computational chemistry.8 However, in reality,
this approach often suffers from the elusive nature of reaction
mechanisms and trade-off between accuracy and compu-
tational cost.9 Additionally, because a large number of ligand
candidates needs to be evaluated by quantum chemical calcu-
lations including conformation sampling of corresponding
transition states (TSs),10 which is a huge task even for a single
candidate, this tedious procedure makes TST-based approach
impractical. Hence, examples of TST-based ligand screening
are limited.7

Recently, we developed a quantum chemical calculation
method called virtual ligand-assisted (VLA) screening to realize
practical TST-based ligand screening (Fig. 1b).11 The virtual
ligand is a dummy ligand employed in quantum chemical cal-
culations to approximate the electronic and steric effects of

real ligands.11,12 The use of a virtual ligand enables the
implicit treatment of most parts of a real ligand in the
quantum chemical calculations, significantly reducing the
computational cost for transition metal complexes. This facili-
tates the application of automated reaction path search calcu-
lations13 to transition metal catalysis, thereby enabling rapid
and comprehensive assessments of PES. Therefore, reaction
mechanisms including TSs that determine the reaction out-
comes can be easily elucidated (Fig. 1b, step 1). In addition, by
tuning the electronic and steric parameters of the virtual
ligand to optimize the energy profile of the desired reaction,
rather than reproducing a specific real ligand, the optimal fea-
tures of ligands for the reaction can be rapidly identified
without individually computing a large number of real ligands
(step 2). Once the optimal electronic and steric features are
identified by VLA screening, they can be used as a guide for
selecting or designing real ligands. We previously developed a
virtual ligand for phosphorus(III) ligands and computationally
demonstrated the VLA screening for the regioselective hydro-
formylation.11 In this study, we report the first experimental
implementation of the catalyst design guided by VLA screen-

Fig. 1 Schematic illustration of ligand screening approaches. (a) Representative approaches. (b) Virtual ligand-assisted (VLA) screening to enable a
practical TST-based approach.

Organic & Biomolecular Chemistry Paper

This journal is © The Royal Society of Chemistry 2023 Org. Biomol. Chem., 2023, 21, 3132–3142 | 3133

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

2 
M

ar
ch

 2
02

3.
 D

ow
nl

oa
de

d 
on

 7
/2

1/
20

24
 9

:2
9:

20
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/D3OB00398A


ing. We chose a well-known chemoselective Suzuki–Miyaura
cross-coupling (SMC) reaction of p-chlorophenyl triflate as the
model case and used VLA screening to investigate the effect of
electronic and steric features of phosphine ligands on the
chemoselectivity. Based on the obtained results, we success-
fully identified several ligands with high chemoselectivity.
These results suggest that VLA screening can be a valuable tool
for in silico ligand screening and potential de novo design of
transition metal catalysts.

Theory and methods

In this section, we describe the modification and improvement
of the virtual ligand. We previously developed a virtual ligand
for phosphorus(III) ligands11 that reproduces the electronic
and steric effects of real ligands gauged by the Tolman’s elec-
tronic parameter (TEP) and the cone angle, respectively.14

These properties are reproduced in quantum chemical calcu-
lations by a dummy PCl3 ligand and two independent poten-
tial functions (denoted as PCl*3 in Fig. 2). The electronic effect
can be reproduced by tuning the harmonic potentials (keep
potential) between the phosphorus and chlorine atoms in the
PCl*3 ligand to match the TEP value of a real ligand. The steric
effect can be simulated by a cone-shaped repulsive potential
(cone potential), with an apex angle that corresponds to the
cone angle of a real ligand.11

While the accuracy of the approximations made by the
virtual ligand was validated in the previous study,11 there were
still concerns about the robustness of the calculations and the
quantitativity of approximations. To address these issues, we
developed some modified versions of the virtual ligand. The
original and modified virtual ligands are compared in Table 1.
All virtual ligands utilized the keep potential without modifi-
cations to approximate the electronic effects. VL1 employed a
steric approximation based on the 12-6 Lennard-Jones (LJ)
potential from Cl* atoms in a virtual ligand rather than the
cone potential. This virtual ligand was developed to eliminate
the instability of calculation caused by the cone inversion
which may happen during automated explorations (see ESI,†
section 5.3 for details) and is primarily used for automated
reaction path search calculations using the single component-
artificial force induced reaction (SC-AFIR) method (Fig. 1b,
step 1).13a–c VL2 was developed to improve the accuracy of the
steric approximation, where the modified version of the cone
potential was employed. The original version of the cone
potential described the interactions between the virtual ligand
and substrates (L–S interactions) through the repulsive term of
the 12-6 LJ potential (Fig. 2, right). VL2 improved this
approach by optimizing and using the full 12-6 LJ potential,
including the attractive term, to describe L–S interactions.
Additionally, VL2 employed another 12-6 LJ potential opti-
mized to describe interactions between two ligands (L–L inter-
actions). VL2PR3 and VL2PAr3 differ in the way they describe L–
L interactions, with one version optimized to reproduce L–L
interactions of PR3 (R ≠ Ar) and the other optimized for PAr3.
These virtual ligands were mainly used for precise geometry
optimizations of the TSs in the parameter screening step of
VLA screening (Fig. 1b, step 2). Further implementation details
and performance of VL1 and VL2 can be found in the ESI.†

Results and discussion
Target reaction of VLA screening

The SMC reaction between 4-chlorophenyl triflate (1) and
2-methylphenylbronic acid was chosen as the target system for
VLA screening (Fig. 3a). This reaction, originally reported by
Fu et al.,15 yields two different products depending on the
phosphine ligands used. Compound 2 is the major product
when the PCy3 (Cy = cyclohexyl) ligand is employed, whereasFig. 2 General design of the virtual ligand for phosphorus(III) ligands.

Table 1 Summary of original and modified virtual ligands

Description of
electronic effect Description of L–S interaction Description of L–L interaction Usage

Original11 Keep potential Cone-shaped repulsive potential
optimized for L–S interaction

Cone-shaped repulsive potential
optimized for L–S interaction

—

VL1 Keep potential Spherical 12–6 LJ potential from
Cl* atoms

Spherical 12–6 LJ potential from Cl*
atoms

Automated reaction path
search (SC-AFIR)

VL2PR3 Keep potential Cone-shaped 12-6 LJ potential
optimized for L–S interaction

Cone-shaped 12–6 LJ potential
optimized for L–L interaction of PR3

Parameter screening for PR3-
and PR2Ar-type ligands

VL2PAr3 Keep potential Cone-shaped 12-6 LJ potential
optimized for L–S interaction

Cone-shaped 12–6 LJ potential
optimized for L–L interaction of PAr3

Parameter screening for PAr3-
and PAr2R-type ligands
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compound 3 is exclusively obtained when PtBu3 is used. As the
electronic and steric effects of these ligands were similar, the
observed difference in chemoselectivity prompted further
mechanistic studies.16–18 To date, the origin of chemo-
selectivity has been investigated through experimental,16

theoretical,17 and informatics approaches,18 and has been
recognized as the reactivity difference between monoligated
and bis-ligated palladium complexes (PdL1 and PdL2, L =
ligand). While activation of the C–Cl bond of 1 occurs at
the PdL1 complex (PdL1 path) in the case of using PtBu3, the
activation of the C–O bond proceeds at the PdL2
complex (PdL2 path) when the slightly smaller PCy3 ligand is
used.17a,18 Considering the significant importance in carefully
choosing ligands to achieve high chemoselectivity, as well as
availability of plenty mechanistic insights to validate outcome
of the VLA screening, this reaction was considered as an ideal
example.

Step 1: identification of important transition states

VLA screening involves two distinct steps, namely identifi-
cation of the key TSs that determine the reaction outcome
(Fig. 1b, step 1) and parameter screening to find the optimal
ligand features that maximize the reaction outcome (step 2).
Although the key TS structures for the chemoselective SMC
reaction have already been reported,17 we initiated the VLA
screening process from step 1 with minimal experimental
knowledge to demonstrate the versatility and applicability of
our protocol for a range of reactions. First, we performed an
automated reaction path search by the SC-AFIR method,13a–c

starting from 1 and the Pd(VL1)2 complex. The calculations
were performed using the B3LYP functional and Lanl2DZ (for
Pd), 6-31G(d) (for S), and 6-31G (for other atoms) basis sets
(see ESI,† section 1.2 for details). The electronic and steric
parameters of the virtual ligand (VL1) were set to match those

Fig. 3 Identification of important TSs for a chemoselective SMC reaction. (a) General scheme of the chemoselective SMC coupling reaction. (b)
Schematic illustration of the procedure for the identification of TSs that determines chemoselectivity.
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of the commonly used phosphine ligand, PPh3. This resulted
in the reaction path network shown in Fig. 3b, where each
node represents a locally stable equilibrium (EQ) structure on
the PES and each edge corresponds to a path top (PT) structure
(i.e., an approximate TS connecting two EQs). To identify the
key TSs that determine the chemoselectivity of the reaction, we
firstly extracted all reaction paths in which the C–O or C–Cl
bond in compound 1 extended beyond the thresholds (1.686
and 2.088 Å, respectively) from the entire network. Then, with
the aim of excluding paths where the bond breaking was not
facilitated by the palladium complex, we filtered the obtained
paths based on the distance between the palladium atom and
the carbon atom that was bonded to the leaving group (OTf or
Cl). Specifically, we measured the distance between the palla-
dium atom and the carbon atom in the EQ on the product side
of each path and excluded paths in which the carbon atom did
not coordinate to the palladium atom (threshold 2.1 Å). This
resulted in 61 C–O bond cleavage paths and 69 C–Cl bond clea-
vage paths. All of these paths were then refined at the
ωB97X-D/def2-SVP level using the locally updated plane (LUP)
method,19 and classified based on the refined structure of the
PT. Taking C–O bond cleavage paths as an example, the dis-
tances between the Pd atom and two phosphorus atoms in
each PT structure were measured, and all paths were plotted
against these distances (Fig. 3b, right top). Based on this plot,
the paths were classified into PdL2, PdL1, and PdL0 paths
using a threshold of 3.5 Å for the Pd–P distances. All C–O
bond cleavage paths were classified as either PdL2 or PdL1
paths, and no PdL0 paths, where bond cleavage occurs at the
palladium center with no coordinated phosphine ligands,
were obtained. From each group (PdL2 path and PdL1 path),
we identified three PTs with the lowest electronic energies
(PT1–PT3 for the PdL2 path and PT4–PT6 for the PdL1 path)
and performed geometry optimizations of these PTs using
VL2PAr3, instead of VL1. From the three TSs obtained for each
group of PdL1 and PdL2 paths, we identified one representative
TS as the TS with the lowest Gibbs free energy (TSCO–PdL2 for
the PdL2 path and TSCO–PdL1 for the PdL1 path). Representative
TSs for C–Cl bond activation through the PdL2 path
(TSCCl–PdL2) and PdL1 path (TSCCl–PdL1) were also determined
by the same process.

Step 2: parameter screening

Once the key TSs for chemoselectivity were identified, we con-
ducted parameter screening (Fig. 1b, step 2). The chemo-
selectivity of the reaction was quantified using ΔΔG‡, which
was defined as follows:

ΔΔG‡ ¼ minðG‡CCl�PdL1; G
‡
CCl�PdL2Þ �minðG‡CO�PdL1; G

‡
CO�PdL2Þ

where G‡
X is the Gibbs free energy of TSX. We investigated the

effect of the electronic and steric parameters of the virtual
ligand on the ΔΔG‡. Geometry optimizations and harmonic
vibrational frequency analyses of TSCO–PdL1, TSCO–PdL2,
TSCCl–PdL1, and TSCCl–PdL2 were performed using VL2PAr3 with
90 combinations of electronic and steric parameters (see ESI,†

Section 1.2, for details). ΔΔG‡ was calculated for each combi-
nation of parameters, and a contour map showing the relation-
ship between these parameters of the virtual ligand and ΔΔG‡

was constructed (Fig. 4a). In this plot, the x- and y-axes rep-
resent the TEP values and cone angles of the ligands, respect-
ively, and the color indicates the predicted ΔΔG‡ value. Each
cross represents a data point from the calculations, and the
contour map was constructed by interpolating these data
points using the radial basis function (Rbf) from the scipy.
interpolate.rbf module in Python with the linear function as
the basis.20 As a result, ΔΔG‡ values were found to be positive
on the left side of the contour map, indicating preferential
activation of the C–O bond when using electron-donating
ligands. In contrast, ΔΔG‡ was expected to be negative when
electron-withdrawing ligands were employed in the reaction.
This trend of chemoselectivity, along with the electronic effect
(represented on the x-axis) has rarely been observed experi-
mentally, probably due to the insufficient reactivity of palla-
dium catalysts with electron-withdrawing ligands in the oxi-
dative addition of aryl (pseudo)halides. Calculations were also
performed using VL2PR3, which was optimized to describe PR3-
type (R ≠ Ar) ligands. The resulting contour map is shown in
Fig. 4b. In this case, negative values of ΔΔG‡ were expected for
electron-donating, bulky ligands (νCO < 2220 cm−1 and θ =
180°) such as PtBu3. Fig. 4c illustrates the energy diagram
associated with the data point of νCO = 2208 cm−1 and θ =
180°, while Fig. 4d represents that corresponding to νCO =
2208 cm−1 and θ = 190°. With a subtle increase in the cone
angle, the lowest energy paths switched sharply from the bis-
ligated C–O bond activation path (TSCO–PdL2 in Fig. 4c) to the
monoligated C–Cl bond activation path (TSCCl–PdL1 in Fig. 4d),
leading to a marked reversal in the sign of ΔΔG‡. This result is
consistent with the observed difference in chemoselectivity
between PtBu3 and PCy3,

15 as well as with previous compu-
tational studies.17 The trend of ΔΔG‡ along the x-axis was also
observed in this contour map in the region of small ligands (θ
= 170°), as with the contour map prepared using VL2PAr3
(Fig. 4a).

Validation by experimental data

With the contour maps showing the chemoselectivity of the
SMC reaction in hand, the accuracy of these contour maps was
validated using experimental data. As shown in Fig. 5a, the
experimental data for 62 phosphine ligands, including 32
ligands tested by Sigman et al. (L1–L32, see ESI Fig. S2†)18 and
30 commercially available ligands from our experiments (L33–
L62, see ESI Fig. S3†), were used in this study. The original
data reported by Sigman et al. include data for six Buchwald-
type ligands (SPhos, JhonPhos, Cy-JhonPhos, XPhos, RuPhos,
and Cy-vBRIDP), which can coordinate to a metal center in a
bidentate manner.21 However, Buchwald-type ligands are
clearly distinct from typical monodentate phosphine ligands
and cannot be properly described by our virtual ligand.11

Therefore, the data for these ligands were not used in this
study. Experiments with 30 commercially available ligands
(L33–L62) were quickly performed using a robotic synthesizer

Paper Organic & Biomolecular Chemistry

3136 | Org. Biomol. Chem., 2023, 21, 3132–3142 This journal is © The Royal Society of Chemistry 2023

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

2 
M

ar
ch

 2
02

3.
 D

ow
nl

oa
de

d 
on

 7
/2

1/
20

24
 9

:2
9:

20
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/D3OB00398A


(see ESI,† Section 2 for the reaction conditions and procedure).
ΔΔG‡ values were calculated using the Curtin-Hammett prin-
ciple based on the observed ratio of the products (2/3). Out of
the experimental data obtained for 62 ligands (L1–L62), the
data for nine ligands (one from Sigman’s experiment and
eight from our experiment) were excluded due to insufficient
product yield for selectivity measurements (<1% yield).
Therefore, validation was performed using data for the remain-
ing 53 ligands. The TEP and cone angle for each of the 53
phosphine ligands were then calculated. Because these para-
meters, particularly the cone angle, can vary significantly due
to conformational changes in the ligand, a representative com-
bination of these parameters that properly reflects the effective
electronic and steric effects of the ligand should be carefully
chosen. To this end, we systematically explored the confor-
mational isomers of each ligand using the SC-AFIR method
with LNi(CO)3 (L = ligand) as a reference complex at the GFN1-
xTB level. Geometry optimizations and harmonic vibrational
frequency analyses of all obtained conformers were then per-
formed at the ωB97X-D/def2-SVP level (see ESI,† Section 1.1,

for a detailed procedure). Based on the obtained results, repre-
sentative combinations of the TEP and the cone angle for each
ligand were calculated (ESI Tables S2 and S3†). We then exam-
ined the correlation between the predicted and observed
values of ΔΔG‡. Fig. 5b shows the results using the
Boltzmann-weighted averages of the TEP values and cone
angles as representative parameters. The experimental ΔΔG‡

values were plotted on the contour maps obtained through
parameter screening (Fig. 4a and b) against the TEP and cone
angle of the corresponding ligands. The 53 ligands used in
this study include not only “pure” PR3 (R = alkyl) or PAr3
ligands but also “mixed” phosphine ligands such as PR2Ar or
PRAr2. As shown in Fig. 5a (center), PAr3- and PRAr2-type
ligands were plotted on the contour map prepared using
VL2PAr3 (Fig. 4a), whereas PR2Ar- and PR3-type ligands were
plotted on the contour map prepared using VL2PR3 (Fig. 4b).
The resulting plots are shown in Fig. 5b (left and center). The
ΔΔG‡ values for each ligand were then estimated from the
contour maps and plotted against the experimental values
(Fig. 5b, right panel). In all plots, the data reported by Sigman

Fig. 4 Results of the parameter screening. (a) Results obtained using VL2PAr3, which is optimized to describe PAr3-type ligands. (b) Result obtained
using VL2PR3, which is optimized to reproduce PR3-type ligands. (c) Energy diagram and estimated ΔΔG‡ value for the virtual ligand tuned to θ =
180°, νCO = 2208 cm−1. (d) Energy diagram and estimated ΔΔG‡ value for the virtual ligand tuned to θ = 190°, νCO = 2208 cm−1. Each cross in the
contour maps indicate a data point from the calculation.
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et al.18 (L1–L32) were plotted as squares, whereas the data pre-
pared in this study (L33–L62) were plotted using circles. The
predicted ΔΔG‡ values for most ligands demonstrated a mod-
erate correlation with the experimental values, except for one
outlier (L21, discussed below). The regression line (y = 1.12x +
0.37, solid black line) was close to the diagonal (y = x, red
dotted line), and the coefficient of determination (R2) was 0.58
after the exclusion of the outlier (L21). The mean absolute
error (MAE) was calculated to be 1.59 kcal mol−1. Although the
prediction accuracy of the contour maps is moderate,
especially compared to the prediction model built using
regression analyses,18 this result is still valuable considering
that all ligands were described using two parameters (TEP and
cone angle) and no experimental data were used to construct

the contour maps. The aforementioned trend of ΔΔG‡ along
the x-axis (electronic effect) was supported by several triaryl-
phosphines, where the most electron-withdrawing P(C6F5)3
showed the lowest value of ΔΔG‡ (Fig. 5b, left, white arrow).
Other typical strategies for determining the TEP and cone
angle of a ligand, such as using parameters derived from the
minimum cone angle conformer or the lowest Gibbs free
energy conformer, were tested but did not significantly
improve the prediction accuracy (ESI Table S5†).

On the other hand, L21 showed poor prediction accuracy
(ΔΔG‡

predicted = −7.51 kcal mol−1, ΔΔG‡
expt = 4.20 kcal mol−1).

This is likely due to the inability of the calculated cone angle,
which were based on the LNi(CO)3 reference complex, to accu-
rately describe the steric features of the ligand in the actual

Fig. 5 Validation of the prediction performance of the contour maps prepared by the parameter screening. (a) Collection of experimental data. (b)
Result using Boltzmann-weighted averages of TEP values and cone angles over all conformers. (c) Outlier (L21) and its conformational dependency
of parameters. Each circle and square in the contour maps represent the experimental ΔΔG‡ value for a ligand. In (c), Ni(CO)3 moiety was omitted
for clarity.
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reaction environment. L21 is a flexible ligand, and according
to the calculation of (L21)Ni(CO)3, one of the most sterically
demanding conformers (θ = 205°) was the most stable (Fig. 5c,
conformer 1). However, in the actual reaction environment, a
more compressed conformer might be more feasible due to
steric repulsions from the substrates and other ligands.
Indeed, several conformers with significantly smaller cone
angles were thermally accessible (e.g., conformers 2–4), and
using parameters derived from these conformers significantly
improved the prediction accuracy (ΔΔG‡

predicted = −1.92, 0.62
and 4.35 kcal mol−1 for conformers 2, 3, and 4, respectively).
Future work will involve developing strategies that consider the
flexibility and conformational changes in the actual reaction
environment when determining their parameters.

Catalyst selection from phosphine database

Finally, we anticipated to use the contour maps as guides for
the selection of catalysts with high chemoselectivities. For this
purpose, we exploited the kraken database (Fig. 6a).22 The
kraken database, developed by Gensch, Sigman, Aspuru-Guzik,
and co-workers, contains information on the electronic and
steric properties of over 300 000 monodentate phosphorus(III)
ligands. These properties were either derived from DFT calcu-
lations or from a machine learning model trained by the DFT-
derived data. Furthermore, for ligands with DFT-derived pro-
perties, Cartesian coordinates for all accessible conformers are
available. To identify appropriate ligands for our purposes, we
extracted phosphine ligands from the kraken database based

Fig. 6 Ligand discovery using the contour maps as a guiding principle. (a) Extraction of candidates from ligand database, kraken. (b) The chemical
structures of candidate ligands and their performance shown in Fig. 5. (c) Performance of synthesized ligands K9 and K14. Ad: adamantyl.
aCalculated at 70 °C based on reported values of ΔΔG‡.
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on the following criteria: (1) it is a C3 symmetric trialkyl phos-
phine, (2) Cartesian coordinates of conformers are available,
and (3) the number of accessible conformers is sufficiently
small (less than 20). The first criterion was based on the ease
of synthesizing symmetric ligands. Although C3 symmetric
triaryl phosphines could also be potential candidates, we
chose to exclude them owing to the low likelihood of finding
ligands with high C–Cl selectivity while maintaining sufficient
electron-donating ability for oxidative addition to occur
(Fig. 4a, νCO < 2230 cm−1). The second criterion was set to
ensure the efficiency of the parameter calculations. To predict
the ΔΔG‡ value of a given ligand using contour maps, the TEP
and cone angle of the ligand are required. While the cone
angle is available in the kraken database, the TEP value must
be computed at the same level as the parameter screening (the
ωB97X-D/def2-SVP level in this study). Assuming the Cartesian
coordinates of all accessible conformers of a given ligand are
available, TEP can be rapidly calculated without conducting
conformational sampling. Although this criterion might
exclude certain optimal ligands from the machine learning
model, it is still beneficial to avoid the time-consuming
process of conformational sampling. The third criterion was
implemented to eliminate conformationally flexible ligands,
which may not be accurately predicted by contour maps, as
showcased in Fig. 5c. Consequently, we obtained 18 trialkyl
phosphine ligands (K1–K18) (Fig. 6b). The TEP values and
cone angles of these ligands were calculated as the Boltzmann-
weighted average among all conformers obtained from the
kraken, and ΔΔG‡ values were predicted using the contour
map prepared by VL2PR3 (Fig. 6a, center and Fig. 6b,
ΔΔG‡

predicted). The predictions showed that ligands K1–K7
would exhibit positive ΔΔG‡ values, resulting in C–O bond
selective activation. This was supported by experimental
results for four of these ligands presented in Fig. 5 (i.e., K1,
K3, K4, and K5 are the same ligands as L58, L19, L62, and L20,
respectively). In contrast, out of the remaining 11 ligands pre-
dicted to exhibit some extent of C–Cl selectivity (K8–K18), only
PtBu3 (K11) has been experimentally evaluated. Therefore, we
decided to synthesize and evaluate several of the remaining
ligands (K8–10 and K12–18) to identify other optimal ligands
for C–Cl bond activation. Synthetic methods for four of these
ligands (K9,23 K14,24 K17,25 and K1825) have already been
reported. Given the expected low reactivity of electron-deficient
palladium(0) complexes with K17 or K18 towards oxidative
addition, we chose ligands K9 and K14 as the target com-
pounds. We synthesized these ligands following reported
procedures,23,24 and evaluated their chemoselectivity in the
SMC reaction (Fig. 6c). To our delight, K14 was found to
exhibit excellent C–Cl selectivity (over 99%), while K9 also
showed high chemoselectivity (91%). The experimental ΔΔG‡

values were estimated to be −1.62 kcal mol−1 for K9 and
−3.44 kcal mol−1 for K14, which are qualitatively consistent
with the predicted values (−0.37 kcal mol−1 for K9 and
−7.55 kcal mol−1 for K14). These ligands have already been
reported as active ligands for the cross-coupling reactions of
aryl halides, including aryl chlorides.26 However, to the best of

our knowledge, chemoselectivity in the oxidative addition of
chloroaryl triflates, including compound 1, has not been pre-
viously reported. Considering well-known success of PtBu3 in
achieving C–Cl bond activation15 and the availability of
mechanistic insights on this specific reaction,16–18 ligands K9
and K14 would appear to be intuitive candidates for chemists.
However, our protocol of VLA screening did not utilize any
experimental data, including those shown in Fig. 5, in select-
ing these ligands as candidates. Therefore, these results and
the success of our protocol in predicting C–O selective ligands
(K1, K3, K4 and K5, Fig. 6b) suggest that VLA screening can be
a useful strategy for in silico ligand screening.

Conclusions

In this study, the VLA screening, an in silico strategy for ligand
screening, was experimentally demonstrated. The chemo-
selective SMC reaction of p-chlorophenyl triflate (1) was
chosen as a model case, and the impact of electronic and
steric effects of phosphine ligands on the chemoselectivity
were investigated through quantum chemical calculations
using virtual ligands. The results were visualized by the
contour map and validated with experimental data for 53
phosphine ligands. Then, the contour map was employed to
predict performances of phosphine ligands selected from a
database. As a result, we successfully found that tri(1-adaman-
tyl)phosphine (K9) and tri(neopentyl)phosphine (K14) show
high to excellent selectivity for the C–Cl bond activation. This
case study indicates the utility of the VLA screening as a poten-
tially valuable approach for ligand screening and catalyst
design.

On the other hand, the scope of VLA screening is still
severely limited by the design and performance of virtual
ligands. The current virtual ligands (VL1 and VL2) are only
applicable for screening of simple phosphine ligands as they
describe real ligands only by two parameters (i.e., electronic
and steric). This resulted in the suggestion of somewhat
“obvious” optimal ligands from chemical viewpoint (K9 and
K14). To apply VLA screening for more complicated ligands
such as Buchwald-type ligands, more sophisticated virtual
ligands which reproduce and parameterize other important
aspects of real ligands including functional group-specific
interactions need to be developed. Furthermore, the develop-
ment of virtual ligands for other classes of ligands such as pyr-
idines, amino acids, NHCs and multi-dentate ligands would
greatly expand the scope of VLA screening. Therefore, the
development of new virtual ligands, thereby generalizing its
concept, is an urgent task.

Data availability

The data that support the findings of this study are available
in the ESI.†
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