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le prediction of enantioselectivity
– a pipeline for high-fidelity computations†

Rubén Laplaza,‡ab Jan-Grimo Sobez,‡cd Matthew D. Wodrich, ab

Markus Reiher *cd and Clémence Corminboeuf *ab

The computation of reaction selectivity represents an appealing complementary route to experimental

studies and a powerful means to refine catalyst design strategies. Accurately establishing the selectivity

of reactions facilitated by molecular catalysts, however, remains a challenging task for computational

chemistry. The small free energy differences that lead to large variations in the enantiomeric ratio (er)

represent particularly tricky quantities to predict with sufficient accuracy to be helpful for prioritizing

experiments. Further complicating this problem is the fact that standard approaches typically consider

only one or a handful of conformers identified through human intuition as pars pro toto of the

conformational space. Obviously, this assumption can potentially lead to dramatic failures should key

energetic low-lying structures be missed. Here, we introduce a multi-level computational pipeline

leveraging the graph-based Molassembler library to construct an ensemble of molecular catalysts. The

manipulation and interpretation of molecules as graphs provides a powerful and direct route to tailored

functionalization and conformer generation that facilitates high-throughput mechanistic investigations of

chemical reactions. The capabilities of this approach are validated by examining a Rh(III) catalyzed

asymmetric C–H activation reaction and assessing the limitations associated with the underlying ligand

design model. Specifically, the presence of remarkably flexible chiral Cp ligands, which induce the

experimentally observed high level of selectivity, present a rich configurational landscape where multiple

unexpected conformations contribute to the reported enantiomeric ratios (er). Using Molassembler, we

show that considering about 20 transition state conformations per catalysts, which are generated with

little human intervention and are not tied to “back-of-the-envelope” models, accurately reproduces

experimental er values with limited computational expense.
1 Introduction

Computational modeling of catalytic processes, oen achieved
through the creation of free energy proles based on density
functional theory computations, can provide key information
about viable mechanistic pathways.1–5 First-principles calcula-
tions are not only used to rationalize experimental results, but
also to optimize the activity/selectivity of a desired chemical
transformation through catalyst design.6–10 In this regard,
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, 1015 Lausanne, Switzerland

TH Zürich, Vladimir-Prelog-Weg 2, 8093

phys.chem.ethz.ch

-Catalysis (NCCR-Catalysis), ETH Zürich,
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experimental strategies involve the judicious placement of
functional groups possessing tuned stereoelectronic and steric
elements with the aim of inducing high enantioselectivity.
Generally, the ideal location of functionalization, as well as the
steric/electronic nature of newly appended functional groups, is
discerned through a combinatorial-like optimization process
where those elements resulting in higher enantioselectivity are
retained until a desired enantiomeric ratio (er) is achieved.
Obviously, the laboratory-based testing and optimization of
potential catalysts is resource and time intensive and even the
most conceptually elegant “back-of-the-envelope” catalyst
design strategies may fail in practice. On the other hand, the
computational validation of design strategies represents an
appealing complementary route to experimental testing, where
the selectivity of novel conceptual designs can rapidly be
assessed in silico.

Because the design of enantioselective catalysts oen
involves blocking access of a substrate to a reaction center from
a non-desired orientation, large ligands are employed.
Computationally, this represents a challenging situation, as
these systems possess vast and complex conformational
© 2022 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Schematic (left) and ball and stick (right) representation of the
stereochemical model for catalyst 1C (R ¼ Me, R0 ¼ Ph), with the
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landscapes. Since er values vary dramatically based on very
small free energy differences, it is critically important that any
computational analysis systematically identies the most stable
of these structures, such that reliable er values can be obtained
and the overarching catalyst design model validated or rejected.
Generally, this “conformational problem” is treated using one
of two diametrically opposed approaches, either by ignoring
conformational exibility altogether and applying chemical
intuition to select the presumed “most reasonable” conforma-
tion pars pro toto or by comprehensive explorations of the
conformational landscape using (ab initio) molecular dynamics
coupled with enhanced sampling techniques (e.g., metady-
namics with suitable collective variables).11 The latter fully
accounts for the conformational exibility of the catalyst but
comes with a great computational cost, while the former can
lead to completely erroneous results if human intuition fails to
reliably identify the most important conformations.

While rotamer libraries12,13 and inexpensive potentials13–18

combined with sampling techniques (e.g., molecular dynamics
or Monte Carlo simulations) facilitate the generation of
conformational ensembles of ligands,19 substrates,13,20 or orga-
nocatalysts,15 the important functionalization process of cata-
lyst design represents an additional computational hurdle. As
such, numerous research groups have created computer
programs that modifying catalyst structures through function-
alization,21,22 including molSimplify23 and AARON,24,25 as well as
evolutionary algorithms.26–30 Some of these also include addi-
tional functionalities that allow for basic conformational
searching, but they continue to rely on sets of predened
conformers and are therefore subject to the same caveats
previously mentioned. Because functionalization can open or
close different regions of conformational space, using pre-
dened conformations taken from parent catalysts may cause
structurally distinct yet energetically meaningful conformers to
be missed.

Given the conceptual and technical limitations discussed
above, a clear need exists for an alternative approach that
simultaneously merges comprehensive conformational search-
ing with functionalization, such that chemical structures pos-
sessing enhanced exibility can be easily manipulated without
relying upon either molecular dynamic simulations or xed
rigid fragments. Such a tailored approach to automatically
construct functionalized conformers would benet from
a graph-based treatment of chemical structure, which would
allow even complex structural modications to be undertaken
easily. Here, we introduce a computational pipeline utilizing the
graph-based (i.e., where molecular structures are interpreted as
mathematical graphs where atoms are represented by nodes
and bonds by edges) Molassembler library,31 a recently devel-
oped molecular construction and manipulation tool that
couples automated functionalization with conformer genera-
tion on the y to predict reaction enantioselectivity. We then
demonstrate how the results of this pipeline can be used to
further rene “back-of-the-envelope” catalyst design models.§

In the following sections, we describe our “design-and-
sample” approach and its application to the asymmetric C–H
© 2022 The Author(s). Published by the Royal Society of Chemistry
functionalization of benzohydroxamates by chiral cyclo-
pentadienyl Rh(III) catalysts.

2 Methodology

Before describing the computational methodology that forms
the basis of our design-and-sample pipeline, we rst introduce
our selected catalyst target space that is used to demonstrate the
capabilities of our method.

2.1 The catalyst target space

Chiral Cp ligands32 form highly stable h5 haptic complexes with
metal centers and have been used as a route to achieve highly
enantioselective reactions.33–39 Cramer and co-workers have
invoked a “back-of-the-envelope” design model (Fig. 1) to
explain these enantioselective transformations, where the
achiral ligand components form back- and side-walls that direct
an incoming substrate to react at a specic face of the cata-
lyst.33,39 Broadly speaking, this class of ligands is amenable to
a myriad of chemical modications, which potentially affect
reactivity and selectivity across a broad range of chemical
reactions. Indeed, the developers of the model have even called
for “computationally-derived design principles” in order to
identify the most selective ligands for a desired chemical
transformation. Clearly, computational ligand design of this
type will require structural modications to the catalyst by
functionalization as well as the associated exploration and
identication of the low-energy conformers that dictate the
reaction enantioselectivity. Specically, the nearly free rotation
of the Cp-M haptic bond in solution,40 in addition to the exible
nature of other ligand components, implies that no single
predened conformation can be considered as dominant. As
such, these systems represent an ideal computational play-
ground to test our new theoretical procedure while retaining
important experimental relevance.

As a demonstration of the potential of our approach, we
investigate the asymmetric C–H functionalization of benzohy-
droxamates to form dihydroisoquinolones catalyzed by chiral
cyclopentadienyl (Cp) Rh(III) catalysts (Scheme 1a). Notably, the
aforementioned high degree of rotational exibility of the Cp
moiety (as illustrated in red, Scheme 1b) along with the
backwall and sidewall components highlighted.

Chem. Sci., 2022, 13, 6858–6864 | 6859



Scheme 1 (a) C–H functionalization of benzoyhydroxamates to form
dihydroisoquinolones (b) Main conformational degrees of freedom in
the reaction mechanism (c) pool of chiral CpX ligands studied in this
work.
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different size and exibility of the hydroxamate substrate (blue,
Scheme 1b) is known to strongly inuence the experimentally
observed enantiomeric ratio (er).33 Our results demonstrate the
ability of our methodology to reproduce experimental er values
by the automated location of mechanistic and conformational
information that likely would be missed in a manual mecha-
nism elucidation and design study relying on human input.

2.2 The Molassembler library

Molassembler31 is a graph-based soware that provides algo-
rithms for the construction of molecules containing any
element of the periodic table. Most importantly, Molassembler
can handle mono- and poly-nuclear transition metal complexes.
In its molecular model, structural information is encoded as
a graph. Conformers are generated with full stereoisomer
control by four spatial dimensional Distance Geometry. Ster-
eocenter congurations are extracted from Cartesian coordi-
nates; they are then represented as an abstract index of
permutation for an arbitrary and freely extensible set of poly-
hedral shapes. The arrangements represented by these stereo-
conguration indices are screened for three-dimensional
feasibility.

For a detailed description of the algorithms implemented in
Molassembler we refer the reader to ref. 31.

2.3 Automated workow

The employed two-step workow begins with an illustrative
template for the transition state (TS) under consideration. For
the example investigated here, this template corresponds to
a simplied complex where Rh is coordinated to the bare
carbon skeleton of a Cp ligand (dark blue, Fig. 2). In the rst
step, Molassembler31,41 is used to interpret the coordinates of
the reference TS into a graph, upon which chemical modica-
tions are performed. Fiy conformers are then generated and
projected back to three-dimensional coordinates using the non-
Cp coordination sphere of the Rh atom as a constraint in order
to ensure good guesses for TS optimization. For the studied
systems, this rst step generally takes less than a minute
6860 | Chem. Sci., 2022, 13, 6858–6864
(detailed information regarding the code available to perform
the aforementioned steps using Molassembler is available in
the ESI†). In the second step, the resulting ensembles of
geometries are rened with the semiempirical GFN2-xTB
Hamiltonian42 using an implicit ethanol solvent through the
ALPB formalism,43 and Gaussian16 (ref. 44) to drive the TS
optimization. Successfully converged TS optimizations are
further rened with the B3PW91 (ref. 45–47)-D3BJ48,49/def2-
SVP50 combination of density functional, semiclassical disper-
sion correction, and basis set, which lead to a total of 248
distinct transition state structures (characterized by the relevant
vibrational mode) across the 12 catalytic systems studied here.
Single-point energies were then determined with B3PW91-D3BJ/
def2-TZVP SMD(ethanol),51 i.e., considering also a model for the
surrounding solvent. The resulting solvation-corrected free
energies of the TS with respect to the separated catalyst and
substrate (DGTS) were determined, grouped by selectivity (R/S),
and Boltzmann weighted at 296.15 K (the experimental
temperature) leading to effective values DGTS

eff,R and
DGTS

eff,S. Enantiomeric ratios (er) were computed from the theo-
retical kinetic constants

kR=S ¼ exp

 �DGTS
eff;R=S

kT

!
as erR=S ¼ 100� kR=S

kR þ kS
; assuming

identical concentrations and pre-exponential factors
throughout. Note that our choice of functional wasmotivated by
previous literature reports,52 however, the use of alternative
density functionals did not lead to signicant degradation of
the results (see ESI Fig. S4 and S5†).
3 Results and discussion

Our work specically focuses on the chiral Cp ligands shown in
Scheme 1c. Experimentally, the Mannitol-Cp derivative 1 affor-
ded the R-product with an enantiomeric ratio of 96 : 4. Related
chiral catalysts 2, 3 and 4 were also tested in combination with
various protecting groups (i.e., R ¼ OtBu, tBu, Me), as depicted
in Scheme 1. Despite their obvious structural similarities,
reaction selectivity varied signicantly as a function of the chiral
Cp ligand constituents. Specically, three functional moieties
were identied as key structural elements: two pro-chiral side-
walls (green, Fig. 1) and a back wall (blue, Fig. 1). Cramer et al.33

proposed a specic function for each of these structural units,
where the sidewalls direct the hydroxamate substrate into
a particular conformation while the backwall provides steric
bulk that hinders the coordination of the incoming olen on
the back face of the hydroxamate. In this model, two possible
relative orientations of the catalyst and the substrate were
postulated to exist, with one, DR (where D denotes the Ph group
points downward), leading to the (R)-product and the other, DS,
to the (S)-product (Fig. 3). Here, the sidewall should disfavor the
DS pathway, which leads to a more favorable DR conformation
and a resulting high R : S enantiomeric ratio. Two additional
pathways UR and US, which also lead to the (R)- and (S) prod-
ucts, presumably have a negligible contribution due to the
assumed higher energy associated with a steric clash between
the Ph group of styrene and the Cp ring (purple, Fig. 3) that
© 2022 The Author(s). Published by the Royal Society of Chemistry



Fig. 2 Flowchart of the proposed pipeline used to compute the effective relative free energies of the relevant pathways (DGTS
eff). As a first step, the

non-functionalized TS-template is interpreted as a graph by Molassembler, which tracks the spatial arrangement of all atoms and performs the
required substitutions on the graph (i.e., adding the chiral Cp ligand). From the edited graph, a conformational ensemble respecting the first
coordination shell of the Rh atom is generated. Execution of the first step takes less than a minute on average (see ESI† for timing details). As
a second step, structures are optimized with the semiempirical GFN2-xTB approach, refined using DFT, and relative energies determined. See
ESI† for exemplary code.

Fig. 3 Four possible relative orientations of styrene approaching the
catalyst, leading to the enantiomeric pair. (a) DR pathway: phenyl ring
oriented down in the free side (b) DS pathway: phenyl ring oriented
down in the occupied side (c) US pathway: phenyl ring oriented up in
the free side (d) UR pathway: phenyl ring oriented up in the occupied
side.

Fig. 4 (a) Ensemble of 15 TS conformations for catalyst 1A (b) front
view of lowest energy TS in the ensemble (UR pathway) (c) side view of
lowest energy TS in the ensemble (UR pathway). Functionalization and

Edge Article Chemical Science
occurs when coordinating the olen with an upward pointing
phenyl group; they were not considered in the original “back-of-
the-envelope” model. Nonetheless, including these conforma-
tions in the analysis of reaction selectivity represents a prudent
choice, particularly given that unforeseen low-energy confor-
mations featuring the “up” conguration may play a key role in
dening the er (Fig. 4).

As an initial demonstration of the Molassembler pipeline
and its ability to reproduce accurately experimental results, we
examined catalyst 1A (R ¼ OtBu) in detail. Initially, a pool of
transition state (TS) structures associated with the
© 2022 The Author(s). Published by the Royal Society of Chemistry
stereocontrolling olen insertion step leading to C–C bond
formation between the styrene and hydroxamate moiety for
each of the four possible pathways (DR, DS, US and UR) was
generated. Generation of this TS pool (which took only 46.8
seconds) only requires a representative template (in this case,
an optimized TS with a bare Cp ligand) as an input. Following
the generation, optimization, renement, and removal of
redundant conformers produced in the pipeline, a total of 15 TS
conformations (6 DR, 4 DS, 2 UR, 3 US) were found for catalyst
1A (see Fig. 5a). Clearly evident from the superposition of these
structures (Fig. 4) is that the rotational freedom of the Cp ring
cannot be ignored if a holistic picture of the energetics and the
resulting enantioselectivity is desired. Further analysis of the
various TS structures also shows key contributions from the US
and UR pathways. In fact, the lowest energy transition state (Fig.
conformer generation took 46.8 seconds.

Chem. Sci., 2022, 13, 6858–6864 | 6861



Fig. 5 Number of weighted conformers per pathway (top) and
Boltzmann weighted effective relative free energies DGTS

eff (bottom) per
pathway for each catalyst and protecting group combination. Note
that the high relative free energy of the UR pathway in catalytic
reaction 4B arises from considerable steric congestion associated with
this specific side-wall/protecting group combination.
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4b, c and 5), which leads to formation of the (R)-product,
actually originates from theUR pathway where the phenyl group
of the styrene conceivably would “clash” with the Cp ring of the
catalyst. This indicates a fundamental breakdown of the orig-
inal model and illustrates the truly dynamic ability of the
catalyst to adopt energetically favorable, yet non-intuitive
conformations.

To determine the er of this catalyst, the computationally
determined relative free energies (see Computational details for
methods) of each of the conformations were Boltzmann
weighted and the effective relative energy of each of the four
pathways with respect to the separated catalyst and substrate
determined (Fig. 5). Transition states were then separated as
either pro-R or pro-S and the computationally derived er values
computed.{ As shown in Fig. 6a, the er estimations from our
protocol (89 : 11, upper le square) closely parallels those
Fig. 6 Comparison between predicted (top, bold) and experimental (bo
group combination. (a) Boltzmann weighting all TS, where asterisks indica
only the lowest energy DR and DS TS conformers (c) Boltzmann weightin
sometimes be obtained using only the relative energies of the lowest ener
correctly identifying the lowest energy species requires determining the
data, Boltzmann weighting of all conformers is recommended.

6862 | Chem. Sci., 2022, 13, 6858–6864
determined by experiment (96 : 4) with catalyst 1A being very
selective for the (R)-product.

In order to probe the ability of our workow to reproduce
experimental results as well as to predict the er values of unre-
ported systems, we examined 11 other systems where the pro-
tecting group of the hydroxamate substrate (A ¼ OtBu, B ¼ tBu,
C ¼ Me) and the chiral Cp ligands (1–4, Scheme 1c) were
changed. In this regard, the design of our computational
protocol mirrors the experimental optimization efforts aimed at
producing high R : S product ratios by invoking catalyst design
techniques involving functionalization.

Comparing our computationally derived results with those
obtained from experiment (colored boxes, Fig. 6), it is clear that
the test case presented above is not a singular success, but
rather that our computational workow broadly reproduces
experimental er values (darker green colors indicate closer
matching with experimental values, Fig. 6a). This includes
correct identication of species both that preferentially form
the (R)- (e.g., 1A) and (S)-products (e.g., 3B). In addition to those
species having experimental er values, we also computed the
selectivity of ve catalysts not tested in the laboratory. Notable
amongst these is 3A, which is predicted to form the (R)-product,
unlike 3B and 3C, which favor the (S)-product.

Given the importance of models in the development of
ligand design, we reevaluated our results within the context of
Cramer's “back-of-the-envelope” model by examining the er
values of catalysts if only the lowest energy DR and DS
conformers (Fig. 6b) or a Boltzmann weighting of all DR and DS
conformers (Fig. 6c) are considered. In contrast to the er values
obtained when all conformers (i.e., DR, DS, UR, US) are Boltz-
mann weighted (Fig. 6a), considering only conformers featuring
downward pointing phenyl groups can lead to signicant errors
(red and orange colored boxes). Even in cases with seemingly
good quantitative er agreement when only the DR and DS
conformers are considered, the UR and US conformers were
oen found to be energetically lower-lying (indicated by
ttom, italic) pro-R er colored by error for each catalyst and protecting
te that the lowest energy conformers are UR and/orUS (b) considering
g all DR and DS TS conformers. Note that while accurate er values can
gy conformers (as opposed to Boltzmann weighting of all conformers),
energies of a large array of conformers. Given the availability of these

© 2022 The Author(s). Published by the Royal Society of Chemistry
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asterisks, Fig. 6a). Thus, some of the predictions seen in Fig. 6b
and c “accidently” arrive at the correct er because the (Boltz-
mann weighted) energy difference between the DR and DS
conformers closely matches the difference between the UR and
US conformers (i.e., the right answer for the wrong reason).
Overall, these results demonstrate the utility of our pipeline not
only as a screening tool for identifying selective catalysts prior
to experimental testing, but also as a tool for developing better
tailored design models.

4 Conclusions

In this work we demonstrated an efficient, automated pipeline
that facilitates the exploration of multiple reaction pathways
characteristic of asymmetric reactions. Powered by the Molas-
sembler soware, which simultaneously handles functionali-
zation and conformational sampling through the construction
of molecular graphs, this computational workow successfully
reproduced experimentally reported er values for several chiral-
Cp Rh(III)-catalyzed C–H activation reactions. By sampling
around 20 transition states per catalyst through unbiased
conformational exploration with minimal human intervention,
we illustrate how simple, yet elegant, “back-of-the-envelope”
design models can be quickly conrmed or refuted based on
computation. Given the encouraging results obtained here, we
envision this approach to be benecial both in the screening for
new highly selective catalysts across a broad range of reactions
as well as for rening and developing conceptual catalyst design
models.
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