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ABSTRACT: N,N-Bidentate ligands are widely employed in Ni-
catalyzed cross-electrophile coupling (CEC) reactions; however, it
is often difficult to predict a priori which scaffold will provide opti-
mal selectivity and yield for a reaction under development. More
generally, for a given Ni-catalyzed reaction, models that provide
structure-reactivity and structure-selectivity relationships across dif-
ferent N,N-bidentate ligand scaffolds remain elusive. Here, we
report BUNNY, a density functional theory-based descriptor library
of approximately 1100 N,N-bidentate ligands designed to support
modeling tasks for Ni-catalyzed cross-coupling. Using BUNNY, a
screening set of 31 ligands was selected to represent 7 ligand scaf-
folds, and the value of the screening set was demonstrated by
modeling of two Ni-catalyzed CEC case studies. The first case studyO
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demonstrates that enantioselectivity can be modeled across differentA
 L

or
 o
ligand families for two different benzylic electrophiles. The sec-
ond case study used the screening library to collect ee data for an established Ni-CEC, which was used to guide development of an
enantioselective Ni-catalyzed CEC of a different but related electrophile. Differences in descriptors selected by the enantioselectivity
models for the two case studies inspired investigation of the radical capture and reductive elimination steps by DFT, which found that
either step can be selectivity-determining, depending on the reaction. This work illustrates how BUNNY can be used to model reac-
tivity and selectivity across ligand scaffolds, guiding reaction development and mechanistic understanding.
KEYWORDS: nickel, cross-electrophile coupling, enantioselectivity, data-science, descriptors
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■ INTRODUCTION of improved ligand performance. Among the computed descrip-
6
6

The identification of ligands that confer high reactivity and
selectivity in metal-catalyzed reactions is often a major bottle-
neck in method development as the structural features respon-
sible for these properties are not well understood, and ligand
synthesis can be expensive and time-consuming. Therefore,
research into quantifying ligand structure-reactivity and
structure-selectivity relationships has intensified to accelerate
reaction optimization (Figure 1A). Indeed, the identification
of such correlations can be used to guide ligand design and to
provide insights on reaction mechanism. Historically, quantifi-
cation of ligand effects relied on experimentally determined
descriptors such as those reported by Tolman.1,2 More recently,
computed ligand descriptors ranging from structure-derived fin-
gerprints to higher level quantum-based descriptors have
emerged as advantageous alternatives (Figure 1B);3,4 the com-
pilation of large virtual libraries of computed descriptors has
been used to design ligand training sets prior to an optimization
campaign and to construct statistical models for the prediction
tors, DFT-based strategies have provided a platform to define
nuanced ligand steric and electronic properties5–10 and are
often preferred for analyzing small, sparse data sets11,12 involved
in many catalyst optimization campaigns. As an example,
Kraken, an open-source descriptor library of monodentate-
phosphorus containing compounds, has enabled widespread
use of machine learning tools for retrospective analysis of reac-
tion data and prospective phosphine design.13

Given the success of the Kraken library, we were interested in
developing a similar descriptor library for bidentate nitrogen
https://doi.org/10.1021/acscatal.6c02585
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Figure 1. (A) Structure activity relationships can be used to optimize reactions and improve chemical understanding. (B) Examples of commonly
used descriptors for homogeneous metal-catalyzed reactions. (C) Prior work on the development and use of ligand descriptor libraries.
(D) Design of a library of N,N-bidentate ligands and its application for optimization and mechanistic analysis of nickel-catalyzed CEC reactions.
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ligands, which have seen extensive use in catalysis. This effort was
motivated by our experience in the development of Ni-catalyzed
C(sp2)–C(sp3) cross-electrophile couplings (CEC),14 for which
new electrophile pairs often require the use of different ligands
or ligand classes to achieve optimal yield and selectivity. This
empirical observation, coupled to a dearth of understanding as
to how ligand properties vary across disparate N,N-ligand classes,
makes it challenging to anticipate which ligand class will be opti-
mal for a new reaction of interest. In this context, the Liao group
demonstrated that black box models trained using high-
throughput experimentation data and fingerprint descriptors
could help identify chiral ligands for different Ni-catalyzed reac-
tions.15 Recently, Waser and Corminboeuf showed that descrip-
tion of 312 bidentate ligands enabled prediction of highly
selective ligands for three Cu- and one Ni-catalyzed reaction.16

Although this descriptor library proved helpful for selectivity
optimization, we hypothesized that including conformational
effects and catalytically relevant structures with Ni-centered
descriptors would facilitate the construction of improved statis-
tical models to guide ligand design and provide insights into
how N,N-bidentate ligand structure and class impact reactivity
and selectivity.

Herein, we present the construction of an open-source N,N-
bidentate ligand library (BUNNY) designed to encompass com-
mercially available and synthetically accessible N,N-bidentate
ligands. The library includes conformer-dependent DFT-
calculated descriptors of 1106 ligands, as well as descriptors of
the corresponding [ligand]NiH2 and [ligand]NiF2 complexes.
The utility of the library is demonstrated in two use cases.
First, we designed a ligand screening set to evaluate the response
surface of two established Ni-catalyzed CECs, in which the same
C(sp2) electrophile (aryl iodide) is cross-coupled with two
B

different C(sp3) electrophiles (benzyl chlorides and styrenyl azir-
idines).17,18 We demonstrate that the N,N-ligand descriptors sup-
port modeling reactivity and selectivity trends across disparate
ligand classes and transferring these trends to new reaction part-
ners, providing a means to accelerate ligand optimization of new
reactions. Then, to probe the generality of the approach, we eval-
uated the ligand library on a previously developed Ni-CEC
between acyl chlorides and benzyl chlorides19 and leveraged that
information to develop a new reaction between acyl chlorides
and aziridines, affording enantioenriched β-amino ketones, a
pharmaceutically relevant motif.20

These case studies showcase the utility of the descriptor
library for the optimization of new Ni-CECs. The comparison
of the modeling performances in case study I and case study
II, supported with a detailed DFT analysis, also provided
insights into the mechanistic conditions required to build statis-
tical models unifying ligand classes. Specifically, this work sug-
gests that descriptors extracted from structures resembling
those involved in enantio-determining steps improve the
modeling of reaction selectivity. Finally, our results demonstrate
that the reactivity and selectivity of Ni-CECs are more sensitive
to the choice of C(sp2) electrophile than C(sp3) electrophile.
■ LIBRARY DEVELOPMENT

Curation and Scope of the Descriptor Library

The objective of this descriptor library is to enable the design of
a set of N,N-bidentate ligands to screen reactions and train
models for reactivity and enantioselectivity prediction. When
modeling chemical reactions, there is a trade-off between the
extent of the domain of applicability of a model and its accuracy.
https://doi.org/10.1021/acscatal.6c02585
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Therefore, we limited the chemical space to bidentate N-donor
ligands and removed any functionality incompatible with practical
catalytic applications. An initial set of ∼300 ligands was selected
from mining reactions from the Doyle, Reisman, and Sigman labs
as well as a limited search of Ni-CEC literature (see Table S34 for
details). From this search, we identified seven ligand subclasses
most utilized in Ni-catalyzed cross-coupling reactions. Two achi-
ral ligand classes, bipyridine (bpy) and phenanthroline (phen)
classes, were included as well as five chiral ligand classes applied
in asymmetric Ni-CECs: bi-oxazoline (BiOx), bi-imidazole
(BiIm), bisoxazoline (BOX), 2-(2-pyridyl)oxazoline (PyOx), and
2-(2-pyridyl)imidazole (PyIm). Expanding from the initial search
space, ligand additions were driven by commercial availability or
synthetic accessibility to increase the impact of the library on
experimental applications. Thus, commercially available ligands
(based on a Reaxys search21) were added to the library. The
library was further expanded to include virtual ligands that may
be accessed through commercially available starting materials
and established synthetic routes. As above, these spaces were fil-
tered to limit the compounds to bidentate ligands and remove
any ligands with functional groups likely to make them incompat-
ible with Ni-catalyzed cross-couplings. Further details of this
Figure 2. (A) Workflow utilized to construct the ligand library, including
(B) Description of the shared structure between ligand classes for descripto
(C) Histograms comparing the square planar complex and tetrahedral comp

C

curation may be found in the SI. A total of 1106 ligands is
included in the descriptor library.

Construction of the DFT Ligand Descriptor Library

Ni-CECs have been proposed to proceed through different
mechanisms depending on the identity of the ligand or sub-
strate.14,22,23 The Ni(II) oxidation state was chosen for descrip-
tor computation because it is generally the most stable
oxidation state and therefore likely to be relevant to the broad-
est scope of reactions. The relative energy between Ni(II) sin-
glet and triplet complexes is highly dependent on the
coordination environment; therefore, to develop a set of
descriptors enabling downstream modeling without assuming
a preferred spin state, we computed two Ni complexes with dif-
ferent spin states (Figure 2A). In practice, descriptors were cal-
culated on a square planar [ligand]NiH2 complex (singlet), a
tetrahedral [ligand]NiF2 complex (triplet), and on the ligand
only. This approach was inspired by the Kraken workflow13

and the development of descriptors for bisphosphine ligands.24

The computational workflow is detailed in Figure 2A; see
Materials and Methods for computational details.
two geometries for the Ni complex and the ligand-only structure.
r collection; the convention used to attribute C1 and C2 is detailed.
lex descriptor distributions on two selected descriptors.
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Descriptor Collection

Global and atomic steric, electronic, and geometric descriptors
were then collected for each of the three structures. To collect
comparable atom-based descriptors across libraries, the 5-atom
common substructure present in all ligand classes was used, spe-
cifically the nickel center, the two binding nitrogen atoms, and
their neighboring carbon belonging to the chelate ring
(Figure 2B). Since not all ligands are C2-symmetric, additional
considerations were required for consistent labeling of the
dative nitrogen and their neighboring carbons (labeled as N1,
C1 and N2, C2). For PyOx and PyIm ligand classes, N1 and
C1 were assigned to be the pyridine nitrogen and carbon. For
all other ligand classes, N1 was assigned as the less sterically
hindered side of the ligand. Relative steric hindrance was deter-
mined by comparing the buried volume of two hemispheres
defined such that the poles of the sphere were set on the N–
N axis, and the Ni atom belongs to the equatorial plane. N2
and C2 were attributed to the atoms in the hemisphere with
greater buried volume (i.e., containing Rlarge) while N1 and
C1 belong to the less hindered side of the ligand (i.e., contain-
ing Rsmall). The atom labeling scheme is outlined in Figure 2B.

A broad range of properties was collected, including global
molecular descriptors such as volume, solvent-accessible surface
area (SASA), and the energy of frontier molecular orbitals.
Additionally, atom-based electronic parameters focused on
charge or electron distribution, such as NBO charges or
Hirshfeld atom dipoles, and bond or atom-based steric descrip-
tors, such as Sterimol25,26 or buried volume descriptors, were
collected. To accurately represent the conformational diversity
of these structures, condensed descriptors were utilized to
describe the maximum and minimum descriptor values from a
Figure 3. Left panel: Uniform Manifold Approximation and Projection (UMA
tors. Right panel: ligand screening set showcasing the seven classes represen

D

ligand conformer ensemble, as well as the descriptor value for
the lowest-energy conformer and the Boltzmann-weighted
descriptor27 (respectively denoted with the min, max, low_E,
and Boltz suffixes). For the ligand-only descriptors, the
lowest-energy conformer and Boltzmann-weighted descriptor
were replaced with an averaged descriptor. A total of 128
unique DFT-derived descriptors were collected for each Ni-
ligand complex and 83 for ligand-only structures. Further details
on this procedure and a complete database of these descriptors
can be found in the SI and a complete set of descriptors can be
accessed at this link: https://zenodo.org/records/19224101.

Designing a Representative Ligand Screening Set

While several ligand classes are often tested at the initiation of
optimization campaigns, once an optimal ligand class is identified,
further reaction optimization and modeling efforts tend to focus
on this unique ligand class. As such, only a small selection of
ligand descriptor space is tested in a reaction, potentially overlook-
ing high-performing ligands and limiting the domain of applicabil-
ity of generated models to a narrow chemical space. Additionally,
traditional ligand sampling curtails a mechanistic understanding of
ligand structure-selectivity/reactivity across ligand classes. We
envisioned that the shared descriptors used in this library could
be employed to optimize ligand space sampling and generate
cohesive models across different N,N-ligand classes to expand
our understanding of ligand effects on reactivity and mechanism.
Due to the high dimensionality of the ligand space, dimension-

ality reduction was used to visualize the diversity of the library in
a two-dimensional space to facilitate the selection of a screening
set.28,29 In this case, Uniform Manifold Approximation and
Projection (UMAP)30 was utilized. Examination of this space
P) of the 1106 ligands included in the library, computed on 25 descrip-
ted and a highlight of specific ligands.

https://doi.org/10.1021/acscatal.6c02585
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(see Figure 3) suggested that there is little overlap between the
different ligand classes in our descriptor space, illustrating its
diversity. A set of 31 ligands was selected to act as an experimen-
tal screening set. The screening set was selected to cover the
chemical space, thereby ensuring descriptor diversity, and each
ligand subclass in the library. Chiral ligand classes were overrep-
resented in the training set due to interest in asymmetric catalysis.
To minimize synthetic efforts and cost associated with using this
screening set, ligands that were commercially available or had
known syntheses were preferentially chosen. The resulting ligand
screening set (Figure 3 and Figure S29) includes 31 ligands span-
ning 7 ligand classes.

Case Study I. To evaluate our ligand selection approach,
the screening set was used to evaluate two reported asymmetric
Ni-CECs (Figure 4A: reaction I and reaction II).17,18 These
transformations were chosen because they used the same
C(sp2) electrophile but different C(sp3) electrophiles and were
reported to have the same optimal N,N-ligand: 4-heptyl-BiOX
(L13). Experimental screening shows that the ligand set offered
a wide range of outcomes across selectivity and reactivity
(Figure 4) consistent with our ligand selection strategy. These
yield and enantioselectivity (expressed as ΔΔG‡) distributions
provide opportunities for applying statistical modeling.

Modeling Reactivity in Case Study I. In a prospective ligand
design campaign, most time and resources are dedicated to
Figure 4. (A) Selected transformations (reaction I and II) used in case st
(3 equiv), NaI (2 equiv), TMSCl (20 mol %), THF (0.1 M), rt, 24 h. Rea
TMSCl (0.75 equiv), 1,4-dioxane (0.35 M), rt, 18 h. (B) Overlayed yield s
mirrored selectivity (ΔΔG‡) trends across ligand identity in reactions I and

E

ligand synthesis. As a first step, we assessed reactivity by evaluat-
ing yield as a target for statistical modeling. Yield is a challenging
target to model due to a multitude of factors including data spar-
sity and noise.31 Simple classification models, which do not
require precise predictions, however, have been applied effec-
tively for yield prediction in sparse data regimes.32 Thus, a
single-descriptor classification was utilized to identify regions
of ligand space that consistently resulted in lower reactivity. It
was important, however, not to remove any possible high-
performing ligands and so a conservative approach aimed at max-
imizing recall, and thus minimizing false negatives, was pursued.
Although the yield response surfaces from reaction I and II

are substantially different (Figure 5C), they could both be mod-
eled with a single-node decision tree classifying yields above or
below a 30% threshold as a function of the N1–C1–C2 angle
with a recall of 100% (Figure 5B). In practice, the model shows
that high-yielding ligands require an N1–C1–C2 angle greater
than 100° (arbitrary selection within the 98° to 110° range).
Analysis of the class labels displayed in Figure 5B illustrates that
this angle acts as a binary classifier: ligands with a 6-member
metallacycle (e.g., BOX and quinoline imidazoline L23) have
N1–C1–C2 angles below 100° and consistently give yields
below 30% while other ligand classes (N1–C1–C2 angles
> 100°) provide more variability in yield. We note that the
model displayed in Figure 5B using the [ligand]NiH2
udy I. Reaction I: NiCl2·glyme (15 mol %) ligand (18 mol %), Mn
ction II: NiBr2·glyme (11 mol %), ligand (20 mol %), Mn (3 equiv),
urface plots for reaction I and II. (C) Reaction surface plots showing
II.
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Figure 5. (A) Outline of the modeling workflow applied in case study I to test the suitability of the library for ligand optimization and reaction pre-
diction. (B) Yield classification (below or above 30%) using a single-node decision tree on reaction I and II data; the N1−C1−C2 angle was extracted
from [ligand]NiH2 structures. (C) Regression models for the prediction of ΔΔG‡. On the left (task I), descriptor selection was performed on reac-
tion I using a y-equidistant train/validation split and then the model was tested for the prediction of reaction II. The regression models displayed are
the average of two MLR models with independent variables (ΔΔG‡ = 0.44 + 0.43·NMR_C2_min + 0.24·Vbur_Ni_3.5Å_min and ΔΔG‡ = 0.44 +
0.52•SASA_max – 0.55·Sterimol_B5_N2–Ni_min). On the right (task II) the descriptor selection was performed on reaction I using a y-equidistant
train/validation split and then the model was tested on a set of 5 external ligands selected to cover low/medium and high ee responses. For the
modeling, the sign of ΔΔG‡ measured for the “R” ligands was inverted as descriptors were computed on the “S” ligands; thus, ΔΔG‡ for L12,
L13 has a different sign than in Figure 4C. (D) Ligands selected (L32−L36) for external test.

ACS Catalysis pubs.acs.org/acscatalysis Research Article
descriptors can also be constructed when the same descriptor is
extracted from the [ligand]NiF2 and ligand-only structures.
This type of classification utilizing the descriptor library enables
prospective ligand design campaigns to immediately remove
non-productive ligand classes without wasting resources.

Modeling Selectivity in Case Study I. After removing the
low-yielding ligands identified by the classifier, we investigated
F

the performance of BUNNY molecular descriptors in two enan-
tioselectivity prediction tasks – a common goal in reaction opti-
mization. First, we sought to evaluate whether the selectivity
response from reactions using the same C(sp2) electrophile
could identify promising ligands for a new reaction involving a
different C(sp3) electrophile. Second, we evaluated how models
trained on the ligand screening set could predict selectivity for
https://doi.org/10.1021/acscatal.6c02585
ACS Catal. XXXX, XXX, XXX–XXX
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unseen ligands from the entire ligand search space. In each case,
models were interpreted to rationalize reactivity trends across
ligand classes.

To test how reaction I could inform reaction II selectivity
(task I), data from reaction I was divided into training and val-
idation sets using a y-equidistant split (70 and 30% of data
respectively). This split was used to search for high-
performing multivariate linear regression (MLR) models using
the library descriptors (see Supporting Information section
6.1.2 for details). The search revealed two distinct and high-
performing MLR models (MAE of 0.11 and 0.29 kcal/mol,
respectively, on the validation set). Since both models per-
formed desirably and offered distinct mechanistic insight,
ensemble predictions from both models were utilized going for-
ward in task I and II. The ensemble was then refit to the train-
ing and validation set from reaction I and utilized to predict
outcomes for reaction II. The performance on reaction II gave
a 0.26 kcal/mol MAE: while the model underestimates the
selectivity of several ligands in reaction II, leading to a higher
MAE, it accurately ranks ligand enantioselectivity (correlation
coefficient r2 = 0.92). This suggests that transfer learning from
previous couplings to optimize new transformations is achiev-
able. The correlation between the enantioselectivity response
of reaction I and II across the ligands screened suggests that
the modification of the C(sp3) electrophile from benzyl chlo-
ride to aziridine has a minor impact on the magnitude of selec-
tivity; moreover, the correlation, combined with the ability to
model both reactions together in a cohesive linear model, could
indicate they involve analogous selectivity-determining steps.

All parameters for the best models arise from the
[ligand]NiH2 descriptors. Analysis of the ensemble parameters
suggests selectivity is primarily dominated by steric effects.
Two descriptors utilized in the ensemble, percent buried vol-
ume (3.5 Å, from Ni) and solvent-accessible surface area
(SASA), suggest that an increase in steric bulk of the complex
is associated with higher ΔΔG‡ and thus better enantioselectiv-
ity. A decrease in the magnitude of the third steric term, the B5
Sterimol for the N2–Ni bond, however, is associated with an
increase in ΔΔG‡. While this appears in conflict with the steric
trend of the first two terms, this term may serve to identify the
impact of more localized steric bulk on selectivity. The fourth
term utilized in the ensemble is the NMR shielding for the
C2 carbon. This term serves as a classifier distinguishing
PyOx ligands, which typically give poorer selectivity and lower
ΔΔG‡ values, from all other ligand classes (see Figure S31).

To test how the descriptor library could be used to predict
the enantioselectivity of unseen ligands, the same train/valida-
tion split strategy was applied. Unlike in task I, models were
trained using data from reaction I and II (70% of ligands),
and validated using all data, from reaction I and II, for the
unseen ligands in the screening set (30% of ligands). The same
ensemble process described for task I was applied here; how-
ever, since training and validation data now incorporated data
from both reactions, an additional, one-hot encoding parameter
was added to distinguish between reaction I and II. The models
were then refit to the combined training data from reaction I
and II and used to predict the validation and test sets. The aver-
age model resulted in an MAE of 0.13 kcal/mol on the valida-
tion set. To confirm the possibility of using these models for
ligand design, we selected an external test set from the virtual
library. The external test set included five ligands spanning
three N,N-bidentate classes (L32−36, Figure 5D) and covering
G

a wide range of predicted ee (from 1 to 58%). This choice of
ligands tested the model’s ability to predict across ligand classes
and identify both low and highly enantioselective ligands. We
first applied the yield classification step described above, which
predicted L33 and L36 as being low performing. The recall sta-
tistics for the test set remained at 100%. The remaining test set
was carried forward and gave a desirable predictive performance
with an MAE of 0.14 kcal/mol, demonstrating the model’s abil-
ity to extrapolate. The two tasks within this case study demon-
strated the ability to use this library to predict selectivity in
unseen reactions and to predict unseen ligands in multiple reac-
tions. Ultimately, this case study highlights the possibility of
using the ligand library to guide optimization of new enantiose-
lective Ni-catalyzed CEC reactions of similar electrophiles.
Case Study II. Case study I suggested that with aryl iodide

electrophiles, the enantioselectivity trend across ligands was con-
served using different C(sp3) electrophile partners (respectively
benzyl chlorides and aziridines). We thus investigated whether
this remains true using a different C(sp2) electrophile. As the
Reisman group had previously reported the cross-coupling of
benzylic chlorides with acyl chlorides (reaction IV),19 we focused
on the development of an analogous stereoconvergent cross-
coupling between aziridines S4 and acyl chlorides S5 (reaction
III). This reaction afforded P3, an enantioenriched β-aminoketone,
which is a relevant drug-like motif.20 Under slightly modified
reaction conditions to those initially reported in reaction III,
we found that product P3 could be accessed in low yields but
with good enantioselectivity (up to 24% yield and 83% ee
across the screening library, see Table S7 for details).
The enantioselectivity measured across all chiral ligands

tested (L9−L31) for the new acyl-aziridine coupling reaction
III strongly correlated with reaction IV (Figure 6B), validating
the hypothesis that optimal ligands are conserved across differ-
ent types of C(sp3) electrophiles. Interestingly, there was little
correlation between the enantioselectivity of CECs using the
same C(sp3) but different C(sp2) electrophiles; BiOX ligands
are the best-performing scaffolds for reactions I and II (aryl
iodide), whereas BOX ligands are optimal for reactions III
and IV (acyl chloride). More specifically, the three highest per-
forming ligands for both reaction III and IV were all BOX
ligands: L24 (III: –83% ee, IV: –90% ee), L25 (III: –82% ee,
IV: –91% ee), and L30 (III: –82% ee, IV: –85% ee). As
observed in case study I, the yield trends were not conserved
upon changing C(sp3) electrophile, and the most selective
ligands provided the β-aminoketone P3 in low yield; for
example, L24 provided P3 in 83% ee but 15% yield, thus requir-
ing optimization.
Bayesian Optimization (EDBO+) was leveraged to optimize

the reaction yield.33 The optimization search space was
designed to include the three most enantioselective ligands
(L24, L25, and L30 outperformed all other ligands by at least
30% ee), common cross-electrophile coupling solvents, additives,
precatalysts, various concentrations, and ligand to metal ratios
(Figure 6C, and Tables S9 and S10).34 The non-numerical param-
eters of the search space were one-hot encoded and temperature
and concentrations were numerically encoded. The first four
rounds of EDBO+ optimization led to a modest improvement
in yield at the expense of selectivity (31% yield for 43% ee) but
enabled us to reduce the search space: Zn and NiCl2·glyme were
identified as the optimal reductant and precatalyst, respectively.
Moreover, MeCN emerged as a solvent of interest for increasing
reactivity of the system.
https://doi.org/10.1021/acscatal.6c02585
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Figure 6. (A) Reaction conditions for reaction III: NiCl2·glyme (10 mol %), ligand (22 mol %), Mn (3 equiv), 2,5-dimethylbenzoic acid (DMBA)
(1 equiv), NaI (25 mol %), THF/DMA (4:1), 0.15 M, rt, 24 h, and reaction IV: NiCl2·glyme (10 mol %), ligand (22 mol %), Mn (3 equiv), DMBA
(0.75 equiv), THF/DMA (7:3), 0.37 M, rt, 24 h. (B) Reaction surface plots showing similar selectivity (ΔΔG‡) trends in reaction III and IV across
the screening set of asymmetric ligands (L9−L31). (C) Bayesian optimization campaign for reaction III. Initial conditions and optimized conditions
after campaign (top left); chemical space surveyed during campaign (bottom left); enantiomeric excess vs yield plot (right) indicated by circle as
indicated by color bar. Original conditions (A) correspond to round 0 (see Supporting Information Tables S9–S12 for the full list of experiments).
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Using these optimal parameters and the promising results
from MeCN screening, we expanded our condition exploration
to solvent mixtures and temperature, as well as the identity and
concentration of an acid additive (see Tables S11 and S12). The
decision to incorporate the latter variable was determined after
observing that trace acid was beneficial to the reaction perfor-
mance, a behavior also observed in the original report for reac-
tion IV.19 After five subsequent EDBO+ rounds, enhanced
conditions for the reaction were identified. These conditions
represented a considerable improvement in yield (56%) while
maintaining good selectivity (78% ee). This showcases the
advantages of the ligand library descriptor strategy to identify
competent chiral ligands and the use of Bayesian optimization
to reach favorable results efficiently (31 ligands screened for
one condition, then 41 reactions for condition optimization).
Indeed, while eight rounds of EDBO+ were performed,
H

promising conditions were identified during the fifth round of
experiments, highlighting the efficiency of this strategy. This
case study demonstrates that knowledge of a CEC reaction’s
response surface can expedite the development of a similar
transformation if they share a C(sp2) electrophile.
Modeling Selectivity in Case Study II. Motivated by the suc-

cessful identification of classification and regression models for
case study I, we sought to use similar techniques to understand
and explain the enantioselectivity trends observed with the
ligand screening set in reactions III and IV. While in case study
I, we took the practical step of removing low-yielding reactions
before modeling enantioselectivity, no accurate yield classifica-
tion models for reactions III and IV were found. Unlike case
study I, limited success was found in building linear models
for selectivity prediction. To understand why this may be the
case, we evaluated univariate correlations within each ligand
https://doi.org/10.1021/acscatal.6c02585
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class. The best univariate correlations for each of the BiOx,
BOX, and PyOX/PyIm ligand classes feature different types of
descriptors (Figure 7A). Correlations were not constructed for
BiIm ligands due to a lack of data (3 ligands). BiOX ligand
selectivity was best correlated with a global descriptor
(LUMO), while BOX and PyOX ligands had better correlations
with a steric descriptor (N1–Ni B5 Buried Sterimol). Although
the correlations are modest, these differences led us to hypoth-
esize that the enantio-determining step might not be the same
across the different ligand classes, which might explain the lack
of success in building a singular linear model. To account for a
Figure 7. Modeling efforts for reactions III and IV. (A) Univariate correlat
(B) Left panel: parity plot for the optimal kernel-ridge regressor (KRR) m
70/30 train/validation split on the screening ligand set (L9−L31); the best m
used for prediction. Performance metrics on train/validation and external
exPlanation (SHAP) analysis, mean absolute SHAP values are denoted as M

I

scenario in which the descriptors controlling enantioselectivity
depend on the ligand class, we turned to nonlinear models to
predict ΔΔG‡ values.
Several nonlinear models were tested, and it was found that

kernel-ridge regression models (KRR) performed best.
Descriptors were down-selected using recursive feature elimina-
tion (RFE) with a ridge estimator. Further details of this proce-
dure can be found in the Supporting Information section 6.1.4.
The y-equidistant algorithm was applied to divide data from
reaction III and IV into a 70/30 train-validation ligand split.
Since enantioselectivity could be measured for each ligand in
ions for individual ligand classes using data from reactions III and IV.
odel; a first descriptor selection was performed using a y-equidistant
odel was tested on L32−L36. Right panel: analysis of the KRR model
test sets. Ligand library descriptors selected and SHapley Additive
ASV.
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reaction III but not in reaction IV (due to poor yielding ligands),
a ligand split was performed using the y-equidistant algorithm on
reaction III data. This ligand split was used to generate a 70/30
train-validation split that also incorporated reaction IV data. The
best KRR relies on two descriptors from the [ligand]NiF2 struc-
tures (Figure 7). The selected model gave an R2 of 0.80 and an
MAE of 0.26 kcal/mol for the validation set. When the model
was tested on the external ligand set (L32−L36), an MAE of
0.30 kcal/mol and an R2 of−0.27 were obtained, showing a signif-
icant decrease compared to the validation performance. The
reduction in statistics is likely due to a single ligand, t-Bu-BOX
(L33), for which the selectivity is overestimated (∼50% ee pre-
dicted). The low selectivity observed (–1 and 0% ee for reaction
III and IV, respectively) likely arises from poor coordination of
L33 to the Ni center due to steric hindrance, consistent with
observations in prior reports.35 This coordination issue is most
likely not encountered in the training set and is thus out of the
domain of applicability of the model. When the test ligand set is
evaluated without the inclusion of L33, metrics improve signifi-
cantly, with an R2 of 0.81 and MAE of 0.16, comparable to the
train and validation set.

The model contains a global electronic descriptor: η, which is
calculated by subtracting the HOMO energy from the LUMO
energy and is thought to describe the hardness of the complex.
The other descriptor is a steric term, the B1 Sterimol for
the Ni–N2 bond, quantifying the bulk on the oxazoline or imid-
azoline moieties across ligand classes. Unlike linear models,
understanding and interpreting nonlinear models is less
straightforward. Shapley additive explanations (SHAP) analy-
sis36 was used to determine how ligand descriptors were used
by the model to predict selectivity (Figure 7). Higher mean
absolute SHAP values (MASV) indicate a heavier reliance on
the descriptor in model decision making. The Sterimol term
was found to be the most important descriptor (MASV of
0.31). The η parameter carries less weight at a MASV of 0.17.
Plotting the SHAP values for each data point (Figure 7), a
higher η value (greater LUMO-HOMO gap) is associated with
higher ΔΔG‡ values and thus greater selectivity. The distribu-
tion of descriptor vs. SHAP values also indicates that this
descriptor acts as a classifier, likely to distinguish BOX ligands,
which typically give good selectivity, from all other ligand clas-
ses (see Figure 2C). The analysis for the B1 Sterimol term is
directly correlated with ΔΔG‡ such that higher descriptor
values give higher selectivity. This indicates that increasing
ligand steric hindrance enhances selectivity. The points which
have especially high SHAP values for the B1 Sterimol term rep-
resent the two reactions performed with L30, an especially
bulky and flexible BOX ligand (Figure 3). In summary, the
Sterimol term indicates that bulkier ligand complexes lead to
improved selectivity. The η term suggests that more stable com-
plexes lead to greater selectivity in these reactions. This case
study demonstrates the utility of nonlinear models in a low-
data regime as an alternative to MLR. The need for these nonlin-
ear models led to the hypothesis that the selectivity-determining
step may not be conserved across the ligands surveyed.

DFT Analysis of Proposed Reaction Mechanisms

Interestingly, for both models in case study II, all ligand descrip-
tors are derived from the [ligand]NiF2 library. The origin of
these descriptors for the C(sp2) acyl-couplings contrasts with the
linear models obtained for the aryl-couplings, in which the best
models exclusively used the [ligand]NiH2 library. In low-data
J

regimes, the use of DFT descriptors derived from structures that
more closely resemble reactive intermediates tends to enable more
accurate modeling.11,37,38 Thus, we investigated whether descriptor
selection from the tetrahedral or the square planar complexes
could reflect a change in the enantio-determining step occurring
when the C(sp2) partner of the cross-electrophile is modified.
The resting state of Ni-CEC couplings involving aryl halides

as the C(sp2) electrophile (case study I) has been characterized
as a [ligand]Ni(Ar)X species.39 The subsequent steps, radical
capture and reductive elimination, have both been proposed
to be enantio-determining depending on the nature of the
ligand used. Specifically, Reisman and co-workers suggested
an enantio-determining radical capture for a cyclopropyl-
IndaBOX ligand (L31) with the sign of ΔΔG‡ being conserved
for the reductive elimination.39 More recently, Shu and co-
workers demonstrated that in the case of a BiIm ligand, the
ΔΔG‡ computed for the radical capture matched the experi-
mental enantioselectivity.40 Nonetheless, the singlet square pla-
nar Ni(II) intermediate invoked in the Shu study is inconsistent
with previous calculations establishing that the triplet tetrahe-
dral Ni(II) was more stable for a similar BiIm ligand.41 In the
case of BiOX ligands, Kozlowski and co-workers also proposed
that radical capture occurred at a tetrahedral [ligand]Ni(Ar)X
complex when a benzylic radical was used.42 Altogether, prior
work suggests that depending on the ligand class, Ni(II) inter-
mediates can be square planar or tetrahedral. In case study II,
this could suggest that (a) the nonlinear modeling arises from
a change in resting state structure or in the selectivity-
determining TS across ligands and/or (b) the change of the
C(sp2) electrophile from aryl iodide to acyl chloride affects
the structure of a Ni(II) aryl or acyl intermediate. A change in
intermediate structure and subsequent enantio-determining
steps could explain why case studies I and II are best modeled
by [ligand]NiH2 or [ligand]NiF2 descriptors, respectively. To
investigate these two hypotheses, two ligands were selected:
L12 (BiOX) and L24 (BOX). This choice was motivated by
the observation that while C(sp2) aryl-couplings using these
two ligands resulted in comparable ee’s (–71 and –79% respec-
tively for reaction II when corrected to the S,S enantiomeric
series), the C(sp2) acyl-couplings with the same ligands resulted
in opposite ee’s (+38 and –90% respectively for reaction IV
when corrected to the S,S enantiomeric series). L12 showing
unexpected selectivity for its enantiomeric series.
To understand whether the origin of the best descriptors for

case study I and II was due to a change in spin states of the
Ni(II) intermediates, the relative energies of the Ni(II) square
planar singlet and tetrahedral triplet complexes for the combi-
nations of ligands and C(sp2) electrophiles were computed. In
all four cases, the singlet square planar structures were found
to be more stable than their tetrahedral triplet counterpart
(see Supporting Information section 3.5.1), which contrasts
with the hypothesis that descriptor selection originates from
the spin state of the relevant Ni(II) intermediate (I).
Given the spin state of the intermediate did not seem to be

responsible for the observed discrepancies, a change of
enantio-determining step between case study I and case study
II was considered. The DFT study was limited to the benzyl
chloride C(sp3) electrophile (reaction II and IV), as similar
enantioselectivity trends were observed for the aziridine
throughout the screening library. Diao and co-workers recently
proposed a concerted radical capture/reductive elimination
mechanism in the case of pyBOX tridentate ligands.49 This
https://doi.org/10.1021/acscatal.6c02585
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mechanism was computed for the less-studied acyl coupling using
L12 and L24. The DFT results demonstrate that for these ligands,
a concerted mechanism is unlikely to occur (see Supporting
Information section 3.5.3), which is evidence against this specific
change of mechanism leading to different descriptors being used
in the modeling endeavors.

At this stage, the energy surfaces for the reaction pathways
involving radical capture and reductive elimination in the acyl
and aryl-couplings were computed using L12 and L24
(Figure 8). Interestingly, conformational sampling of the Ni(III)
intermediates showed that the radical capture intermediate, a
square planar pyramid intermediate (III-a see Figure S1), can eas-
ily reorganize to give a more stable pseudo-octahedral structure
(III-b). The reductive elimination transition states (TSs) were
computed from the III-a and III-b structures; a comparison of
the TSs energies shows that reductive elimination from III-b is
favored in all cases (SI Supporting Information sections 3.4 and
3.5), and therefore, a comparison of the energy surfaces was per-
formed using the corresponding TSs (as depicted in Figure 8).
The energy surfaces of the aryl coupling show that the formation
of the Ni(III) intermediate is slightly uphill in energy (+2.3 to
+4.4 kcal/mol for the minimum energy found of L12 and L24,
Figure 8. The surfaces represented for each ligand and case study correspon
study, the surfaces rising from the four diastereo-approaches of the radical on
surface, the energy reference was set to the energy of the corresponding spec
study. Calculations were performed at the PBE0-D3/cc-pVDZ(H,C,N,O,Cl)
reported (TS and intermediates) are the minimum energy of a conformer en
quency (TOF) determining intermediate (TDI) and the TOF-determining t
depicted in this figure was corrected for the S,S enantiomeric series used for

K

respectively). This corroborates results from previous studies on
the use of BOX ligands.49 The computations suggest that the dif-
ferences between the energies of radical capture reductive elimina-
tion TSs are small for the BiOX ligand L12 (–0.1 kcal/mol blue
surface Figure 8) and more significant for the BOX ligand L24
(+3.1 kcal/mol green surface Figure 8). The comparisons of the
surfaces leading to the enantiomeric products (detailed in
Supporting Information section 3.4) suggest the enantioselectivity
is controlled by the radical capture for the BiOX ligand L12 (ΔG‡

= 7.7 kcal/mol and ΔΔG‡ 1.4 kcal/mol see Figure S3), whereas
for the BOX ligand, the highest energy barriers are observed for
reductive elimination (ΔG‡ = 11.9 kcal/mol and ΔΔG‡

1.1 kcal/mol; see Figure S7). In principle, the rate-determining
states, the TOF-determining intermediate (TDI), and the TOF-
determining transition state (TDTS), calculated according to
the energetic span model,50 involve the reductive elimination TS
for the BOX and the radical capture for the BiOX ligands. For
both ligands, the TDI is the Ni(II) square planar structure.
For the acyl coupling, we found that the III-b intermediates are

lower in energy than the Ni(II) structure (–2.3 and –2.0 kcal/mol
for the minimum energy of L12 and L24 respectively).
According to the energy span model, III-b becomes the TDI
d to the most energetically favorable pathway. For each ligand and case
the Ni(II) complexes can be found in supporting information. For each
ies I in which the ligand can be L12 or L24 and Y depends on the case
/cc-pVTZ(Ni)//M06/cc-pVTZ(Ni) level of theory.43–47 All structures
semble obtained with CREST48 and refined by DFT. The turnover fre-
ransition state (TDTS) are highlighted. We note that the % ee of L12
the modeling, while the R,R ligand was used experimentally.
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and the reductive elimination becomes the TDTS for the most
favorable surfaces of both L12 and L24. These results support
a change in the enantio-determining pathway between the aryl
and acyl-couplings. The change of the TDI from a square planar
Ni(II) to a pseudo-octahedral Ni(III) intermediate corresponds
to the shift in descriptors used by the model (from the square pla-
nar [ligand]NiH2 to the tetrahedral [ligand]NiF2 descriptors,
respectively). Although more in-depth studies are required to
understand how and when the descriptor analysis obtained from
modeling campaigns can inform changes in mechanism, this
example suggests that it could help generate mechanistic hypoth-
eses. We anticipate that the increasing accessibility of accurate
electronic structure calculations (i.e., machine learning poten-
tials51) will facilitate these analyses.52

Overall, the calculations on high-performing ligands (L12
BiOX and L24 BOX) and the enantioselectivity trends measured
across nitrogen bidentate ligands suggest C(sp2) electrophiles
exert the most control on the mechanism of the reaction.
Additionally, two independent studies of Ni-CEC using a third
C(sp2) electrophile (vinyl bromide) with benzyl chloride39 and
aziridine,53 respectively, report the same optimal ligand: the
cyclopropyl-IndaBOX (L31). These observations define an inter-
esting paradigm for the development of enantioselective cross-
electrophile couplings: optimal ligands reported for established
Ni-CECs are likely to be selective for an extended scope of
C(sp3) electrophiles. Provided that reaction yield optimization
is successful, this reduces the need for de novo ligand design.
We hope that this information will help guide the development
of cross-electrophile coupling reactions for which precedents
using the same C(sp2) electrophile have been reported.

■ CONCLUSIONS

In conclusion, we have developed a publicly available library of
bidentate N,N-ligands including DFT level description of the
ligand-only, [ligand]NiH2, and [ligand]NiF2 structures. The
utility of the library was demonstrated in two cases studies.
The first case study featured two Ni-CECs sharing the same
C(sp2) electrophile (aryl iodide) with two different C(sp3) elec-
trophiles (benzyl chloride and aziridine) and highlighted how
the library could help identify thresholds and MLR relationships
across ligand classes to predict the selectivity and reactivity of
unseen ligands. We also showed how the library could facilitate
transfer learning between two reactions with different C(sp3)
electrophiles. The second case study was designed to prospec-
tively verify these claims. Starting from an established Ni-CEC
between acyl chloride and benzyl chloride, we used the library
to screen for successful ligands and accelerate the early-stage
development of a new enantioselective acyl coupling using an
aziridine as C(sp3) electrophile. In contrast to the aryl-cou-
plings, MLR modeling of the acyl coupling was unsuccessful;
instead, we found that kernel-ridge regressor was effective at
predicting new ligand selectivity accurately. The aryl coupling
was effectively modeled by descriptors computed from square
planar structures while the acyl coupling relied on tetrahedral
structures. To investigate whether the change in models and
descriptors could be indicative of a change in reaction mecha-
nism, a DFT study of two ligands (BOX and BiOX) for the acyl
and aryl coupling with a common benzylic chloride was under-
taken. This study revealed a change in TOF-determining inter-
mediates for the different C(sp2) electrophiles. Interestingly,
the reaction with a square planar TDI was best modeled by
L

the square planar descriptors and the one with the pseudo-
octahedral TDI was best modeled by tetrahedral descriptors.
From a broader perspective, this study suggests that the design
and modeling of experimental datasets using high-level descrip-
tors can help identify changes in mechanistic regime and gener-
ate mechanistic hypotheses.
■ METHODS

Materials and General Procedure for Reaction I

Materials. Aziridine S1 was synthesized according to literature
precedent and was recrystallized from EtOAc/hexanes before use.53

Aryl iodide S2 was purchased from Oakwood Chemical and used as
received. NiCl2·glyme was purchased from Strem Chemicals and used
as received. Sodium iodide, manganese (powder, ∼325 mesh,
>99% trace metal basis), and chlorotrimethylsilane (purified by redis-
tillation, >99%, Sure/Seal™) were purchased from Sigma-Aldrich and
used as received. Tetrahydrofuran (THF) was distilled over Na/benzo-
phenone, degassed by sparging with nitrogen, and stored over 4 Å
sieves in a nitrogen-filled glovebox.

Procedure. The following screening procedure is modified from
the originally reported cross-coupling.18 All reaction preparation was
done inside a nitrogen-filled glovebox. Vials were oven-dried (140 °C)
and were allowed to cool under vacuum prior to use in the glovebox.
Reactions were run on a 0.05 mmol scale relative to S1. Stock
Solution 1 was prepared in a 1 or 2 mL volumetric flask such that the
final concentration contained S1 (13.67 mg, 0.05 mmol, 1 equiv) and
4-iodoacetophenone S2 (36.90 mg, 0.15 mmol, 3 equiv) in 225 μL
of THF. The following stock solutions were prepared in 1-dram vials:
Stock Solution 2: TMSCl (1.08 mg, 10.0 μmol, 20 mol %) and 50 μL of
THF. Stock Solution 3: NiCl2·glyme (1.65 mg, 7.5 μmol, 15 mol %),
ligand (9.0 μmol, 18 mol %), and 225 μL of THF. This vial was
equipped with a Teflon stir bar, capped with a septum cap, and allowed
to stir for 30 min.

To a 1-dram vial equipped with a Teflon stir bar was added NaI
(14.98 mg, 0.10 mmol, 2 equiv) and Mn (8.24 mg, 0.15 mmol, 3 equiv).
Stock solution 1 (225 μL), stock solution 2 (50 μL), and stock solution
3 (225 μL) were then sequentially added. The reaction vial was capped
with a septum cap, wrapped with electrical tape, and brought outside of
the glovebox. The reaction was set to stir (700 rpm) at room temper-
ature for 24 h. Upon completion, a trimethoxy benzene stock solution
(84.1 mg in EtOAc) was prepared, and an aliquot (100 μL, 1 equiv)
was added as an internal standard. Yields were determined by
GC-FID of the crude reaction mixture. After purifying the product
by preparative thin-layer chromatography (50% EtOAc/hexanes),
% ee was determined by SFC.

Materials and General Procedure for Reaction II

Materials. 4-iodoacetophenone (S2) and 1-chloropropylbenzene
(S3) were purchased from Combi-Blocks. NiBr2(diglyme), manganese
(powder, ∼325 mesh, >99% trace metal basis), and chlorotrimethylsilane
(>99%, Sure/SealTM) were purchased from Sigma-Aldrich and used as
received. 1,4-dioxane was dried by passing through activated alumina
columns and stored in a nitrogen-filled glovebox.

Procedure. The following screening procedure is modified from
the originally reported cross-coupling.17 All reactions were set up
inside a nitrogen-filled glovebox. Vials were oven-dried (140 °C) and
were allowed to cool under vacuum prior to use in the glovebox.
Reactions were run on a 0.1 mmol scale.

The following stock solutions were prepared in a 1 or 2 mL volu-
metric flask: Stock Solution 1: NiBr2·diglyme (3.53 mg, 10 μmol,
10 mol %), 4-iodoacetophenone S2 (24.6 mg, 0.1 mmol,1 equiv),
and 228 μL of 1,4-dioxane. Stock Solution 2: TMSCl (8.15 mg, 0.075 mmol,
0.75 equiv), 1-chloropropylbenzene S3 (18.6 mg, 0.12 mmol, 1.2 equiv),
and 50 μL of 1,4-dioxane.
https://doi.org/10.1021/acscatal.6c02585
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The reaction vial was equipped with a Teflon stir bar cut with
cut edges, Mn (16.5 mg, 0.3 mmol, 3 equiv), and ligand (x mg,
20 mol %). Stock solution 1 (228 μL) was added, and the mixture was
stirred for 10 min at 300 rpm. Then, stock solution 2 (50 μL) was added.
The reaction vial was capped with a septum cap, wrapped with electrical
tape, and brought outside the glovebox. The reaction was stirred
(420 rpm) at room temperature for 18 h. Upon completion, dodecane
was added as an external standard. Yields were determined by GC-FID
of the crude reaction mixture, and % ee was determined by SFC-MS.

Materials and General Procedure for Reaction III

Materials. Aziridine S4 was synthesized according to literature
precedent and was recrystallized from EtOAc/hexanes before use.54

Acid chloride S5 was purchased from Ambeed and distilled before
use. NiCl2·glyme was purchased from Strem Chemicals and used as
received. Sodium iodide and manganese (powder, ∼325 mesh,
>99% trace metal basis) were purchased from Sigma-Aldrich and used
as received. DMBA was purchased from Oakwood Chemical and used
as received. THF was distilled over Na/benzophenone, degassed by
sparging with nitrogen, and stored over 4 Å sieves in a nitrogen-filled
glovebox. Dimethylacetamide was purified by passing through an acti-
vated alumina column under an argon atmosphere, degassed by sparg-
ing with nitrogen, and stored over 4 Å sieves.

Procedure. All reactions were set up inside a nitrogen-filled glove-
box. Vials were oven-dried (140 °C) and were allowed to cool under vac-
uum prior to use in the glovebox. Reactions were run on a 0.05 mmol
scale relative to S4.Stock Solution 1: The stock solution was prepared in
a 1 mL volumetric flask such that the final concentration contained S4
(14.57 mg, 0.05 mmol, 1 equiv) and S5 (11.92 mg, 0.06 mmol, 1.2 equiv)
in 100 μL of THF/DMA (4:1). The following stock solutions were pre-
pared in 1-dram vials: Stock Solution 2: NaI (1.87 mg, 12.5 μmol, 25 mol
%), 2,6-dimethylbenzoic acid (7.51 mg, 0.05 mmol, 1 equiv), and
116.7 μL of THF/DMA (4:1) and Stock Solution 3: NiCl2·glyme
(1.10 mg, 5.0 μmol, 10 mol %), ligand (11.0 μmol, 22 mol %), and
116.7 μL of THF/DMA (4:1). This vial was equipped with a Teflon stir
bar, capped with a septum cap, and allowed to stir for 30 min.

To a 1/2-dram vial equipped with a Teflon stir bar was added Mn
(8.24 mg, 0.15 mmol, 3 equiv). Stock solution 2 (116.7 μL), stock solu-
tion 1 (100.0 μL), and stock solution 3 (116.7 μL) were then sequen-
tially added. The reaction vial was capped with a septum cap, wrapped
with electrical tape, and brought outside of the glovebox. The reaction
was set to stir (700 rpm) at room temperature for 24 h. Upon comple-
tion, a stock solution of 1-fluoronapthalene (146 mg in 2 mL of
EtOAc) was prepared in a volumetric flask. An aliquot (100 μL) was
added to the reaction mixture as an internal standard. The resulting
solution was shaken, passed through a silica plug and analyzed via
19F NMR. Yields were determined by 19F NMR of the crude reaction
mixture. After purifying the product (P3) by preparative thin-layer
chromatography (30% EtOAc/hexanes), % ee was determined by SFC.

Materials and General Procedure for Reaction IV

Materials. (1-chloroethyl) benzene S6 and 3-(4-methoxyphenyl)-
propanoyl chloride S5 were purchased from Combi-Blocks.
NiCl2·dme, manganese (powder, ∼325 mesh, >99% trace metal basis),
DMA (>99%, Sure/SealTM), and 2,5-dimethylbenzoic acid (DMBA)
were purchased from Sigma-Aldrich and used as received. THF was
dried by passing through activated alumina columns and stored in a
nitrogen-filled glovebox.

Procedure. The following screening procedure is adapted from
the originally reported acyl coupling.19 All reactions were set up
inside a nitrogen-filled glovebox. Vials were oven-dried (140 °C)
and were allowed to cool under vacuum prior to use in the glovebox.
Reactions were run on a 0.1 mmol scale. The following stock solution
was prepared in a 1 or 2 mL volumetric flask: Stock Solution 1:
NiCl2·dme 2.20 mg, 10 μmol, 10 mol %), DMBA (11.3 mg,
0.75 mmol, 0.75 equiv), and 200 μL of DMA/THF (3:7) and Stock
Solution 2: (1-chloroethyl) benzene S6 (14.1 mg, 0.1 mmol, 1 eq),
M

3-(4-methoxyphenyl)propanoyl chloride S5 (23.8 mg, 0.12 mmol,
1.2 equiv), and 65 μL of DMA/THF (3:7).

To a 1/2-dram vial equipped with a Teflon stir bar, 16.5 mg
(0.3 mmol, 3 equiv) of Mn was added. Stock solution 2 (65 μL) and
stock solution 1 (200.0 μL) were then sequentially added. The reaction
vial was capped with a septum cap, wrapped with electrical tape, and
brought outside the glovebox. The reaction was stirred (400 rpm) at
room temperature for 18 h. Upon completion, dodecane was added
as an external standard. Yields were determined by GC-FID of the
crude reaction mixture, and % ee was determined by SFC-MS.

Computational Methods

Library Computation Workflow. RDKit55 and Open Babel56

were used to obtain an initial guess for the geometry of the free ligand
from a SMILES string using a Python script.57 A script developed from
the Schrodinger python API was then used to constrain the free ligand
geometry through addition of copper, formation of bonds between the
nitrogen donor atoms, and the metal center and addition of two stan-
dard ligands to generate four-coordinate [ligand]Cu(F)2 complexes.
Copper was chosen due to force field compatibility. A conformational
search was performed on the [ligand]CuF2 complex using
MacroModel’s maestro tool that employs molecular mechanics
(OPLS4 force field).58 If a ligand had more than 20 unique con-
formers, representative conformers were selected. The geometry of
the metal center and additional ligands, either hydride or fluoride,
was then adjusted to achieve the requisite tetrahedral and square planar
geometries, respectively. These were subsequently submitted to DFT
structure optimization and single-point energy (SPE) calculations.
The optimized geometries were checked with a frequency calculation
to ensure they were true minima. Geometry optimizations and fre-
quency calculations of these complexes were performed at the
B3LYP-D3BJ/LANL2TZ(Ni), 6-31G(d) (other atoms) level of the-
ory43,59–63 with an ultrafine integration grid. An effective core potential
(ECP) was applied to nickel. These optimized geometries were used
for subsequent single points at the M06-D3/Def2-TZVP level of the-
ory.43,44,64 NBO analysis was performed using the NBO program (ver-
sion 7.0).65 To obtain data for the unbound ligand descriptors, the
optimized geometry of the bound [ligand]NiH2 was used with the
Ni center and hydride ligands removed. This frozen geometry was car-
ried forward for SPE calculations.

DFT Study. All stationary points (minima and transition states)
were subjected to conformational sampling with CREST48 using an
energy window of 6 kcal/mol. The number of conformers considered
was capped at 25. When CREST generated more than 25 candidates,
the built-in clustering algorithm was applied to reduce redundancy. In
cases where clustering still yielded more than 25 structures, the 25
lowest-energy conformers were selected and subsequently refined at
the DFT level. All calculations were performed using the Gaussian 16
package.66 Geometry optimizations were carried out at the PBE0-D3/
cc-pVDZ(H,C,N,O,Cl)/cc-pVTZ(Ni) level of theory,46,47,67 including
empirical dispersion corrections using Grimme’s D3 scheme43 with
Becke–Johnson damping (D3BJ),61 and frequency calculations were per-
formed at the same level to confirm that the optimized structures corre-
spond to true minima (no imaginary frequencies) or transition states
(one imaginary frequency). All minimum energy transition states were
confirmed by intrinsic reaction coordinate (IRC) calculations, which ver-
ified that each connects the expected reactant and product minima.
Single-point energy refinements were obtained using the M06-D3/cc-
pVTZ level of theory.44,47 All reported free energies include thermal cor-
rections to Gibbs-free energy at 298 K.

CYLView20 was used to generate the structure images.68
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