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of chemical reaction pathways
with imposed activation†

Cyrille Lavigne,a Gabe Gomes, ‡§{*ab Robert Pollice ‡k*ab and Alán Aspuru-
Guzik*abcdef

Computational power and quantum chemical methods have improved immensely since computers were

first applied to the study of reactivity, but the de novo prediction of chemical reactions has remained

challenging. We show that complex reaction pathways can be efficiently predicted in a guided manner

using chemical activation imposed by geometrical constraints of specific reactive modes, which we term

imposed activation (IACTA). Our approach is demonstrated on realistic and challenging chemistry, such

as a triple cyclization cascade involved in the total synthesis of a natural product, a water-mediated

Michael addition, and several oxidative addition reactions of complex drug-like molecules. Notably and

in contrast with traditional hand-guided computational chemistry calculations, our method requires

minimal human involvement and no prior knowledge of the products or the associated mechanisms. We

believe that IACTA will be a transformational tool to screen for chemical reactivity and to study both by-

product formation and decomposition pathways in a guided way.
Introduction

While a signicant portion of the chemical reactions of scien-
tic interest have half-lives on the order of seconds to days, the
corresponding dynamic processes require time resolutions on
the order of femtoseconds or even less for direct simulation.
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This difference of at least een orders of magnitude in time-
scales makes brute force, large-scale computer simulations
infeasible1 and, consequently, the prediction of chemical reac-
tivity remains one of the most important challenges in
computational chemistry. To tackle this challenge, many alter-
native approaches have been developed.2 In a recent review,
these approaches have been classied with respect to the
general strategy adopted for exploring potential energy
surfaces.3 The three classes identied are (1) methods exploit-
ing curvature information of the potential energy surface, (2)
methods applying chemical heuristics, and (3) methods that
rely on human intuition to guide the exploration.3 When
methods combinemultiple of these strategies they are classied
based on the dominating one. Notably, we will limit this
introduction to methods tackling forward explorations with an
open end, i.e., we know the identity of the substrates and wish
to nd out how they react.4 Thus, we exclude methods assuming
known product states.

Among the approaches tackling open-ended forward explo-
rations, heuristic approaches relying on human-derived rules
for reactivity and stability5–13 are prominent and they largely
belong to class 2 (vide supra). Predominantly mechanism-
agnostic machine learning methods for product prediction
based on experimental data14–21 are currently becoming
increasingly popular and they formally belong to the same class
as they simply utilize learned rather than human-derived rules.
These approaches typically start with the prediction of likely
intermediates and products allowing them to use methodology
developed for start-to-end exploration4 thereaer for nding the
corresponding reaction pathways.
Chem. Sci., 2022, 13, 13857–13871 | 13857
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In contrast, the prediction of potential reaction pathways
starting from known minima leading to unknown products can
also be tackled directly with ab initio simulations. In addition to
the classication introduced above, the corresponding methods
can be further grouped into several families. One of the
simplest approaches is coordinate driving22 and it is one of the
standard approaches used in contemporary user-guided
potential energy surface exploration. The user decides on
which, usually internal, coordinates are to be systematically
modied and the corresponding energy prole is manually
inspected. Accordingly, this method largely relies on human
intuition and belongs to class 3. Based on the idea of coordinate
driving, brute force approaches such as Grid Search,22 Valley-
Scan23 and the so-called single coordinate driving technique24,25

have been developed, which systematically explore all dimen-
sions of the potential energy surface via exhaustive coordinate
driving. Consequently, their computational expense increases
steeply with the dimensionality of the system under study.
These methods do not rely on human intuition anymore and
solely utilize information from the potential energy surface
which puts them into class 1.

To make exhaustive coordinate driving approaches more
tractable, a combined molecular dynamics and coordinate
driving (MD/CD) method26 has been developed which relies on
molecular dynamics for systematic conformer sampling. Addi-
tionally, while still utilizing exhaustive coordinate driving for
exploring reactivity, it allows users to dene active atoms.
Consequently, exhaustive coordinate driving is only applied to
the active atoms thus reducing the dimensionality and scaling
of the problem. Another variation of exhaustive coordinate
driving has been realized in ZStruct2,27 which relies on the
single-ended growing string method to construct reaction paths
and nd both transition states and the associated minima. It
also allows for users to dene active atoms to narrow down the
space to be explored.

As an alternative to the previously discussed brute force
approaches, class 1 methods like the gradient extremal walking
algorithm (GEWA)28 and anharmonic downward distortion
following (ADDF)29 directly exploit curvature information of the
potential energy surface to identify paths leading to transition
states and the corresponding connected minima. Nevertheless,
exhaustive application of these approaches is still limited in
scope and quickly becomes prohibitively expensive when the
system size is increased. A different type of class 1 approach is
the articial force-induced reaction (AFIR) method.30 It applies
an articial force that pushes reactants together allowing reac-
tion barriers to be overcome via ordinary energy minimization.
By exploring many random initial reactant orientations, various
alternative reaction pathways can be discovered. Notably,
intramolecular reactions can also be explored by dening
molecular fragments and user input can be utilized for the
selection of suitable reactant pairs and active atoms within
them.31

Arguably the most explored family of class 1 approaches
relies on reactive molecular dynamics. Early examples include
enhanced sampling techniques like metadynamics via local
elevation32,33 and bias-potential-driven dynamics34,35 to
13858 | Chem. Sci., 2022, 13, 13857–13871
overcome barriers between various conformers and between
reactants and products. Additionally, reactions in molecular
dynamics simulations can also be promoted by strong external
electric elds,36 and by a virtual piston that periodically applies
very high pressures to the simulated system to increase the
frequency of collisions and thus the probability of barrier
crossings, as realized in the so-called nanoreactor.37 The term
nanoreactor has later also been used to describe metadynamics
simulations of chemical reactions in conned spaces with time-
independent wall potentials.38 Moreover, reactions can also be
promoted by performing molecular dynamics with strongly
vibrationally excited molecules as realized in the Transition
State Search Using Chemical Dynamics Simulations (TSSCDS)
approach.39,40 Notably, TSSCDS allows for the user-guided
selection of vibrational modes to be excited to direct the reac-
tivity to be explored.

Despite the plurality of existing approaches, current tech-
niques for systematic prediction of chemical reactivity have
signicant drawbacks that curtail their general use, both in
human-guided workows and in fully automated settings.3 It is
striking that many approaches for reaction pathway exploration
show limited benets from domain expert input. In fully auto-
mated settings, systematic and exhaustive reaction pathway
searches are computationally prohibitive,41 and difficult to scale
to larger molecules.24,26,42 Heuristics approaches can map
extensive reaction networks43 but many of them in particular
face issues when confronted with non-conventional bonding
and organometallic species,3 which require alternative
quantum chemistry-based strategies.8 Hence, there is room for
a method that allows for both guided and systematic explora-
tion of potential energy surfaces based on quantum chemistry
simulations.

Herein, we introduce imposed activation (IACTA), a concep-
tually simple and general computational approach that semi-
automatically and robustly explores chemical reaction path-
ways and their products. Additionally, it provides reasonable
guess structures of the corresponding transition states. To do
that, it requires as user input the identity of the substrates and
selection of one reactive coordinate, which can be straightfor-
ward to choose for some systems but non-trivial for others,
depending on the reactivity under study. Nevertheless, as the
input does not require specic alignment of molecules or
preliminary geometry optimization, it is operationally intuitive
for human users and, in principle, also amenable to automated
workows. Specically, we show that these pathways can be
obtained by conformational exploration38 with a chemically
activating constraint. This method provides meaningful
suggestions for diverse reaction pathways together with an
initial reaction feasibility assessment based on reaction ener-
gies and rough estimates of the associated barriers. Reactions of
sizable molecules are found rapidly with only modest compu-
tational resources when employing state-of-the-art semi-
empirical methods such as the GFN-xTB family.44,45 However,
IACTA does not require the use of specic electronic structure
methods and, thus, can be combined with any approach that
computes energies based on 3-dimensional structures. Notably,
while the separate ingredients of the workow are well-
© 2022 The Author(s). Published by the Royal Society of Chemistry
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established in computational chemistry, IACTA puts them
together in a unique way that makes it both intuitive to use and
computationally efficient by relying on user guidance. Despite
introducing signicant bias due to the requirement for user
input, our results demonstrate that we are still able to discover
many surprising reaction pathways. We present the capabilities
of this approach on three main case studies with distinct
challenges: (1) an epoxide-initiated stereoselective polyene tri-
cyclization cascade with various side products, (2) a solvent-
mediated Michael addition with a proton shuttle involving
multiple water molecules, and (3) the late-stage oxidative
addition of ten drug-like molecules with electronically unsatu-
rated palladium phosphine complexes.
Results and discussion

To initiate IACTA, a chemical coordinate (such as the length of
a bond) is chosen as the activating coordinate q‡ (cf. Fig. 1).
Subsequently, conformer generation38 is performed while con-
straining q‡ to a value between the initial reactant structure and
possible product structures to explore the orthogonal coordi-
nates q‡t. This corresponds to a search for local energy minima
in the constrained space amidst the range of barriers separating
products from reactants. These local energy minima, found by
Fig. 1 Diagram of reaction search by conformer exploration with impo
dimensional molecular structures, such as those shown for complex 1, co
reaction predictionmethodology consists of constraining a specific activa
and performing searches for activated conformers with the other coordin
on 1, using the carbon–iodine bond as q‡ (green). Further increasing th
pathways to multiple products (compounds 2–8). Non-reacting hydrog

© 2022 The Author(s). Published by the Royal Society of Chemistry
conformational exploration, are possible reaction pathways. A
subsequent relaxed scan of q‡ pushes the molecule along
discovered pathways to new products. We emphasize again that
neither approximate transition structures, nor the identity of
reaction products, nor any training data are required as input in
the search, only the identity of the reactants and the choice of
an activating coordinate. Overall, the workow consists of four
steps:

1. The user selects an activating coordinate q‡ (i.e., an
interatomic distance, a bending angle, or a torsional angle) and
the initial structure of the reactants is optimized. With the
reactive coordinate xed at its equilibrium value q‡0, an initial
conformer search is performed to obtain a diverse set of
structures. A relaxed scan of the reactive coordinate follows,
starting with one of the initially generated conformers, to an
intermediate value between that of reactants and products q‡i .

2. A second, shorter and less exhaustive conformer search is
undertaken with the reactive coordinate constrained at q‡i to
explore the local energy landscape.

3. All the structures thereby generated are scanned from q‡ =
q‡i to q‡N, with q‡N being the maximum scanned value, to obtain
new reaction products. A backward scan from q‡i to q‡0 yields
a complete trajectory back to a reactant conformation.
sed activation. (a) Conformer search methods generate stable three-
mposed of a molecule of (R)-2-iodobutane and ethoxide anion. (b) Our
tion coordinate q‡ to out-of-equilibrium values (vertical dotted arrows)
ates unconstrained (solid horizontal arrows). This is demonstrated here
e carbon–iodine distance of the activated conformers yields reaction
en atoms are omitted for clarity.

Chem. Sci., 2022, 13, 13857–13871 | 13859
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4. Finally, structures corresponding to energy minima of the
trajectory (potential reactants and products conformations) are
optimized without constraints to ensure stability.

Steps 2 to 4 above are then repeated for different values of
q‡i to obtain an ensemble of reactive trajectories sampled from
multiple transition structures.

As a concrete example, let us consider the various elimina-
tion and substitution reactions of (R)-2-iodobutane and eth-
oxide anion. Generating ground-state conformers for this
system yields many loosely bound complexes (Fig. 1a). Reaction
prediction starting from these structures following specic
normal modes is challenging, as they are quite far from any
connected transition states, such as those shown in Fig. 1b.

One standard approach used extensively by methods like
coordinate driving and related approaches to traverse the
mountain ranges of potential reactive modes is to pull together
pairs of atoms via relaxed scans to form new bonds.26,42,46 Thus,
they circumvent the issue of initial structures being too far from
transition states by gradually guiding them into reactive
conformations. For example, pulling together the ethoxide
anion oxygen and the a-carbon of 2-iodobutane leads to the SN2
reaction. However, for predicting potential reaction outcomes
without prior knowledge about which pairs of atoms are likely
to react, a fully systematic search of all possible bond-forming
pairs is necessary which scales quadratically with the number
of atoms26 and generally can only be performed for relatively
small systems.47 Additionally, if prior knowledge is available,
this approach requires information about multiple sites that
could potentially react with each other.

The key idea of our approach is to activate reactants using
a single coordinate q‡ that can initiate many reactions of
interest, thereby circumventing the scaling issues of searching
for possible bond formation pairs systematically or heuristi-
cally. In the case of the (R)-2-iodobutane molecule depicted in
Fig. 1, bond dissociation energies dictate that the carbon–
iodine bond is readily broken,48 making it an excellent choice
for q‡. Stretching the carbon–iodine bond, i.e., increasing q‡,
creates activated and very electrophilic structures. A subsequent
constrained conformer search in the orthogonal space q‡t yields
geometries close to the SN2 transition state, as the ethoxide
oxygen stabilizes the structure when it lies close to the haloge-
nated carbon. Relaxed scans along q‡ starting from one of these
newly generated transition structures leads to the SN2 products
(2 in Fig. 1).

Importantly, besides SN2, in a single run of our workow,
other activated conformers leading to different reaction prod-
ucts are also uncovered. Stretching the carbon–iodine bond of
all the activated structures found also yields E2 and E1 elimi-
nation products (with both Hofmann49 product 3 and Zaitsev50

products 4 and 5), SN1 substitution reactions (with products 2
and 6), g-elimination to methylcyclopropane 7 as well as
a curious alkoxide hydride transfer51 forming 8. The latter two
reactions, which have signicantly higher estimated reaction
barriers, are unlikely to occur in an experiment but, rst, do
represent known chemistry and thus are still reasonable, and
second, demonstrate the complex pathways that can be
13860 | Chem. Sci., 2022, 13, 13857–13871
obtained automatically from imposed activation with a single
activating coordinate.

The reaction pathways discovered in coordinate scans are
highly dependent on the corresponding starting geometries,
especially when the scanned coordinate is not bond-forming.
Indeed, for an iodine–carbon bond scan to generate
a pathway towards compound 7 via g-elimination requires the
ethoxide oxygen in very close proximity to the eliminated
hydrogen, whereas it needs to be close to the a-carbon to
proceed to the SN2 product 2. The diversity of products and
reaction paths discovered by IACTA is made possible by
bringing together two key concepts in a unique way. First, the
activation of a single coordinate such as bond stretching
generates a highly reactive species that can, in principle,
undergo many transformations downhill in energy depending
on its conformation. Second, the power of constrained
conformer generation via metadynamics explores diverse reac-
tive conformations of this species38,52 which are directly con-
nected to a wide range of reaction pathways allowing
subsequent relaxed scans to nd new reaction products. Finally,
these concepts are made practical and applicable to reasonable
large molecular systems by relying on the computational effi-
ciency and robustness of the GFN-xTB family of methods as
computational workhorse.45 However, we would like to
emphasize that IACTA does not require use of this specic
family of methods but can be combined with any approach
predicting energies from 3-dimensional structures.

To summarize the key features of IACTA and compare them
with the main classes of alternative approaches, we again rely
on the framework consisting of three distinct classes that was
established in a recent review (vide supra).3 Specically, we not
only consider the main class of each method but also the extent
to which they incorporate ideas of the other classes. Addition-
ally, we assess how these approaches fulll the main features
demanded from systematic methods for potential energy
surface exploration, as proposed in the same review.3 The cor-
responding results are summarized in Table 1. IACTA makes
use of both curvature information and human intuition to
explore reactivity and combines elements from both coordinate
driving and reactive molecular dynamics approaches. Incorpo-
ration of heuristics, while currently not implemented, is
possible, especially when aiming for a fully automated imple-
mentation testing alternative activating coordinates autono-
mously. Importantly, IACTA provides tractability at the cost of
considerable thoroughness by relying on guidance based on
user input. This provides IACTA with a prominent interactive
component, unlike many alternative approaches. Overall,
universal applicability of IACTA would require an automated
method for selecting activating coordinates that could option-
ally supplement user choices enabling more thorough explora-
tion. However, increasing thoroughness of IACTA will
necessarily come at the cost of tractability.

Apart from the reactions between (R)-2-iodobutane and eth-
oxide anion presented in Fig. 1, we used IACTA to explore
reactivity in a diverse sample of similarly small molecules. The
corresponding results are detailed in the ESI.† In the following
sections, we apply IACTA to several more challenging examples
© 2022 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Comparison of algorithms for the exploration of chemical reaction pathways based on a framework proposed in the literature 3a

Feature Coordinate driving Exhaustive coordinate driving AFIR Reactive molecular dynamics IACTA

Curvature information 3 3 3 3 3

Heuristics 7 ∼ ∼ ∼ ∼
Human intuition 3 ∼ ∼ ∼ 3

Full automation 7 3 3 3 ∼
Thoroughness 7 3 3 3 ∼
Tractability 3 ∼ ∼ ∼ 3

Guidance 3 ∼ ∼ ∼ 3

Universal applicability 7 ∼ ∼ ∼ ∼
a 3 and 7 indicate the presence and absence of a feature, respectively. ∼ indicates that realization of a feature within the algorithm is, in principle,
possible but only with compromises.
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inspired by recent literature studies to exemplify how IACTA can
be applied to solve problems in chemistry.
Cyclization cascade in the synthesis of a natural product

A robust and automated reaction prediction approach can help
to understand and rationalize complicated reactions with
multiple outcomes. We demonstrate this based on the epoxide-
initiated polycyclization of 9 to form 10 (cf. Fig. 2), an essential
step in a concise total synthesis of the fungal meroterpenoid
berkeleyone A.53

We selected this triple cyclization as it is a complex reaction,
with the potential to form many by-products.54–57 Indeed, the
yield of 39% reported in the literature53 was only achieved aer
extensive optimization of reaction conditions and hints towards
signicant by-product formation. Previous attempts at similar
reactions yielded a range of mono- and polycyclic, fused and
bridged products from ether formation by the epoxide and
cyclization at the b-keto ester oxygen instead of the desired
carbocyclization.58 We initiate IACTA from structure 9a, the
reactive enol form of 9 protonated at the epoxide. Compound 9a
is activated by opening the epoxide on the tertiary carbon side
using the carbon–oxygen distance as the activating constraint
(cf. Fig. 2, bond highlighted in green). More than 200 distinct
reaction pathways are discovered, including many tautomeri-
zations, high energy processes, and, most importantly, all
experimentally reported modes of action.

A subset of the thermodynamically favorable products with
estimated activation energies below 35 kcal mol−1 is shown in
Fig. 2. Notably, 9b is readily discovered by the reaction search
from an epoxide-initiated triple cyclization cascade terminating
at the b-keto ester which forms the desired product 10 aer
deprotonation. The transition structure, i.e., the transition state
guess obtained from IACTA, for this reaction is depicted in
Fig. 3a, with the three newly formed bonds shown with thin
lines. We nd this cyclization cascade to be barrier-free aer
this transition structure. Side products 11 and 12 result from
1,2-addition of the epoxide to the nearest alkene, forming
bridged bicyclic ethers.54 Triple cyclization terminating at the b-
keto ester oxygen forms 13, a major experimental by-product,58

via a pathway that differs from the one forming 9b only by the
nucleophilic atom initiating the cascade (cf. Fig. 3b). Direct
nucleophilic epoxide opening by the same oxygen yields 14,
© 2022 The Author(s). Published by the Royal Society of Chemistry
which has a 16-membered ring. Product 15 is obtained like 13
except for the second stage of the cascade being formation of
a ve-membered rather than a six-membered ring (cf. Fig. 3c).
Finally, the most surprising of the predicted products is 16,
which is formed from the transfer of a proton from the epoxide
(which forms an enol55) to the far alkene followed by an oxygen
cyclization (Fig. 3c).

The straightforward initialization and short duration of our
computational experiments employing IACTA are one of its
crucial features. All the above reactions were obtained from
a single run targeting compound 9a, which took only 6.3 hours
on a single compute node. In this case, however, we note that
success followed a failed search initiated from the less reactive
keto form of 9a. Similarly, computations starting from another
tautomer of 9, namely the enol of the ester, uncovered signi-
cantly fewer reactions and, to our surprise, failed to yield 9b. In
practice, the sensitivity to the initial structures was solved by
iteratively trying new tautomeric structures, an approach
enabled by the fast turnaround times of the IACTA calculations,
and the ease of tautomer generation using basic chemical
rules,59 also making it amenable to automation.
Water-mediated Michael addition

Automated reaction search is specically needed when the
reacting system consists of multiple loosely bound fragments
with many possible arrangements. This is the case, for example,
in solvent-mediated reactions, where specic solvation geome-
tries play a major role in enabling various transition struc-
tures.60 Setting up traditional transition state calculations for
such systems is very time-consuming and error-prone, as it
requires carefully arranging fragments in various sometimes
non-intuitive reactive geometries.61

Therefore, next, we demonstrate IACTA on the water-
mediated Michael addition of p-methylthiophenol to acrolein,
shown in Fig. 4a, a case study inspired by a recent popular
science article.62 Following this article, six explicit water mole-
cules were added to the reacting system. Notably, as will be
apparent from the following paragraphs, this choice of the
explicit number of solvent molecules is non-trivial and strongly
affects the outcome of the simulations. The addition reaction
forming 17 was obtained as both thermodynamic and kinetic
product upon stretching the carbon–carbon double bond of
Chem. Sci., 2022, 13, 13857–13871 | 13861
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Fig. 2 Epoxide-initiated b-keto ester-terminated triple cyclization reaction and the corresponding products and side-products predicted by
IACTA. The polycyclization from 9 to 10 is a key step in a concise total synthesis of berkeleyone A described in the literature.53 We initiated an
IACTA reaction search from protonated enol 9a using the epoxide C–O bond of the tertiary carbon indicated in green as the activating
coordinate. Compounds 11–16 are a subset of the predicted side products.
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acrolein. By-products include hydration of acrolein to 3-
hydroxypropanal (18), a biologically important process,63 and
various Diels–Alder reactions between acrolein and 4-methyl-
thiophenol that break aromaticity of the latter with higher
estimated barriers.

This Michael addition involves proton transfer from the thiol
to the carbonyl group of acrolein, which is facilitated in the
simulations by a chain of hydrogen-bonded water molecules.
Acrolein can have s-cis or s-trans conguration, and the reaction
proceeds via the acrolein p-system either pointing towards the
aromatic ring of the thiophenol (compact conformation) or
away from it (expanded conformation). Among all the combi-
nations of acrolein congurations and conformers, and the
number of chained water molecules, IACTA identies in a single
run fourteen different pathways and distinct transition struc-
tures (Table 2), ve of which are estimated to be faster than
formation of 18. Thus, our method is excellent for screening
13862 | Chem. Sci., 2022, 13, 13857–13871
potential pathways before embarking on extensive transition
state optimization.

Reaction without hydrogen-bonding water molecules facili-
tating the proton transfer only occurs for the s-cis isomer, as it
requires the carbonyl and thiol to be in proximity (Fig. 4b). The
longer distance required for the proton transfer in the s-trans
isomer favors proton shuttling by two or three water molecules.
In contrast, addition of the s-cis isomer is efficiently mediated
by one water molecule (Fig. 4c). The lowest activation energy is
obtained for the s-trans isomer facilitated by two water mole-
cules in the compact conformation (Fig. 4d). The longest
identied water chain acting as proton shuttle comprises four
water molecules (Fig. 4e) with a total of ve distinct proton
transfers. In the expanded conformation, only s-trans-acrolein
with a two-water molecule bridge is favorable. We note that
while computational studies can overemphasize the importance
of intramolecular proton shuttles due to the difficulty of
© 2022 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Selected transition structures found in the IACTA simulation of the epoxide-initiated reactions of berkeleyone A forming triple cyclization
products. (a–d) Transition state guesses for the formation of 9b (a), 13 (b), 15 (c) and 16 (d). Bond-forming atoms are connected by thin lines
annotated with their interatomic distances. Non-reacting hydrogen atoms are omitted for clarity.
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treating solute–solvent proton transfer steps,64 this is not
a problem specic to IACTA but rather a general characteristic
of computations not representing bulk solvent in an explicit
manner.

Importantly, IACTA provides useful insight into complicated
systems such as this Michael addition requiring minimal
human labor at the cost of comparably moderate computational
resources. Indeed, sampling of these pathways and the corre-
sponding transition structures via IACTA took only 20 hours of
wall-clock time on a single compute node. The search is fully
automated and is successful even when starting from a struc-
ture far from the identied reactive pathways. While the ob-
tained results in terms of estimated reaction barriers are only
preliminary as they only stem from semi-empirical methods
and are not based on actual transition states, the obtained
energies can be used for high-throughput virtual screening65 as
a qualitative guide to estimate the feasibility of the predicted
© 2022 The Author(s). Published by the Royal Society of Chemistry
pathways. Additionally, the corresponding transition structures
are reasonable starting points for subsequent transition state
optimization, offering signicant potential to reduce the asso-
ciated human labor compared to traditional approaches.

Oxidative addition complexes of drug-like compounds

In addition to the exploration of reaction pathways and the
prediction of potential by-products, IACTA can also reduce the
human effort for setting up transition state calculations and
diminish the entrance barrier to computational tools in chem-
istry by providing reasonable guess structures for subsequent
transition state optimizations. We demonstrate this based on
calculations for the oxidative addition of a palladium catalyst to
a set of drug-like molecules.66 As demonstrated in the literature,
forming oxidative addition complexes in this way provides
a powerful means for late-stage diversication in experimental
screening studies and avoids the sometimes inconsistent
Chem. Sci., 2022, 13, 13857–13871 | 13863
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Fig. 4 Water-catalyzed 1,4-addition reaction between acrolein and 4-methylthiophenol and some important side products predicted by IACTA.
(a) Reactions were obtained by stretching the carbon–carbon double bond of an acrolein molecule (shown in green) in the presence of 4-
methylthiophenol and six explicit water molecules. Predicted products are annotated with estimated activation energy (top) and reaction energy
(bottom) at the GFN2-xTB level of theory. (b–e) Reaction pathways forming 17 include a direct proton transfer (b) and proton transfer shuttled by
one (c), two (d), and four water molecules (e). Structures (b) and (c) are s-cis and structures (d) and (e) are s-trans, and all of them are compact
conformations.

Table 2 The 176 reaction trajectories found yielding 17, classified based on transition structure characteristicsa

Acrolein isomer TS conformation

Number of H2O molecules in H+ transfer chain

0 1 2 3 4

s-cis Compact 21.2j6 8.7j20 11.2j8 — —
Expanded — 15.6j17 13.6j5 17.1j1 —

s-trans Compact — 27.4j1 5.8j49 8.5j14 20.6j1
Expanded — 23.3j4 9.8j41 17.1j11 16.6j1

a For each entry, the estimated activation energies at the GFN2-xTB level of theory in kcal mol−1 (bold, <12 kcal mol−1) and the number of
occurrences are provided. Estimated DE†(kcal mol−1)jno. of occurrences.

13864 | Chem. Sci., 2022, 13, 13857–13871 © 2022 The Author(s). Published by the Royal Society of Chemistry
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performance of catalytic Buchwald–Hartwig couplings with
highly functionalized substrates.66

Computational studies of organometallic catalysis typically
tackle either complex ligands or complex substrates, but very
rarely both, likely due to the required computational resources.
Such studies are specically challenging when revolving around
designer catalysts such as tBuXPhosPd, which we studied here
(cf. Fig. 5a), and functionalized ligands, due to the many
possible coordination modes with the metal center.67

In this case study, we present transition state calculations
enabled by IACTA for ten reactions with both complex catalysts
and complex substrates. Because the aims of this section differ
from those of the previous two (i.e., generating good transition
state guess structures for a predetermined reaction as opposed
to searching for new reactions), the calculations were set up in
a more systematic way. Using automated structure generation,
the activated catalyst was initially placed such that the Pd atom
is approximately 5 angstroms away from the target halide. The
halide-aryl bond was chosen as activating coordinate. The
Fig. 5 Formation of oxidative addition complexes of drug-like substrates
tBuXPhosPd by oxidative addition. The aryl-halide bond is the activating c
drug-like, highly functionalized molecules 19–28.

© 2022 The Author(s). Published by the Royal Society of Chemistry
IACTA workow was initiated with this structure and only the
most accessible reaction pathway was selected. Finally, the
lowest-energy reactant and product structures were re-
optimized at the PBE-D3/def2-SVP level of theory. Transition
states were obtained by relaxing the automatically obtained
approximate transition structures at the PBE-D3/def2-SVP level
of theory while constraining the aryl–halide bond, followed by
a subsequent transition state optimization via the nudged
elastic band method. Qualitative features of the transition
states are well-reproduced by IACTA at the GFN2-xTB level of
theory, as illustrated in Fig. 6.

The corresponding results are summarized in Table 3. The
data show two general trends. First, as expected, activation
energies tend to decrease when changing the halogen from
chlorine to bromine to iodine.68,69 Secondly, electron-rich
(hetero)aromatic rings seem to lead to more facile oxidative
addition. This is in contrast to the expected trends for bisligated
palladium(0) catalysts but in line with the results obtained for
monoligated palladium(0), as the pre-reactive complexes of
. (a) The reaction studied here is the formation of Pd(II) complexes from
oordinate which is depicted in green. (b) IACTA is performed for the ten

Chem. Sci., 2022, 13, 13857–13871 | 13865
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Fig. 6 Superimposition of approximate transition structures obtained from IACTA at the GFN2-xTB level of theory with optimized transition state
structures at the PBE-D3/def2-SVP level of theory for the formation of oxidative addition complexes of drug-like substrates. (a and b) Transition
structures are shown for compounds (a) 19 and (b) 20. Notably, the GFN2-xTB transition structures are obtained directly from IACTA, without
additional computational refinements.

Table 3 Summary of IACTA calculations and transition state optimizations for the oxidative additions shown in Fig. 5aa

Substrate Natoms Halogen Core aryl group

Reaction energies
(kcal mol−1) Compute time (node hours)

DG‡ DG IACTA DFT optimizations

19 123 Cl Thiophene 13.5 −12.2 10.6 4.5
20 106 Cl Benzoxazinone 8.9 −16.7 4.8 5.1
21 131 Cl Benzene 16.0 −6.7 10.3 3.7
22 141 Cl Indane 4.4 −15.8 10.5 4.5
23 132 Br Indole 1.1 −18.1 8.7 4.1
24 118 Br Pyridine 12.2 −12.1 7.6 3.9
25 130 Br Isoindoline 7.6 −9.6 9.6 4.1
26 131 Br Isoindoline 8.0 −5.6 10.7 4.6
27 110 Br Quinoxalinedione 4.7 −16.2 5.2 6.1
28 106 I Benzene 6.0 −2.1 4.9 4.3

a The rst four columns provide the substrate identity, the total number of atoms in the system, the reacting halide identity, and the reacting
aromatic system on the substrate. Gibbs free energies of activation DG‡ and Gibbs free energies of reaction DG are obtained from PBE-D3/def2-
SVP calculations. The last two columns compare the compute times required (in node hours) for IACTA and subsequent DFT optimizations of
product, reactant, and transition state geometries.
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monoligated palladium(0) and aryl halide tend to be more
tightly bound for electron-poor (hetero)aromatic rings.69,70

Furthermore, oxidative addition products with electron-poor
(hetero)aromatic rings tend to be more thermodynamically
favorable, as previously demonstrated.70,71 Moreover, all the
estimated oxidative addition barriers are consistent with facile
room temperature reactions, as observed in the original study.66

Looking at the contributions of London dispersion to the
reaction energies, we nd that larger Gibbs free energies of
activation correlate with more repulsive dispersion contribu-
tions. This indicates that attractive interactions are lost during
the oxidative addition, causing an overall higher barrier, and
suggests that proper alignment of noncovalent interactions in
the transition states is important in accelerating these reac-
tions.72,73 While none of these ndings in and of themselves are
novel, the key point we wish to convey is the operational ease of
obtaining these results with the help of IACTA.
13866 | Chem. Sci., 2022, 13, 13857–13871
Finally, we show in Table 3 that the computing demands of
IACTA using GFN2-xTB are about twice as large as those of the
subsequent PBE-D3/def2-SVP geometry optimizations, and thus
are well within the realm of current high-throughput virtual
screening capabilities74 allowing to perform reaction screening
on a signicantly larger scale than demonstrated here.
Conclusion and outlook

Virtual reaction prediction has signicant potential to accel-
erate the search for novel catalysts, automatically ag detri-
mental reaction pathways (e.g., solvolysis or formation of side
products), and help discover new reaction mechanisms.
However, chemical reactions are extremely rare events not
spontaneously captured by in silico dynamics. The complexity of
all but the smallest molecules limits full, systematic searches of
all possible bonding patterns and bonding transformations.
© 2022 The Author(s). Published by the Royal Society of Chemistry
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In this work, we showed that the combination of two key
concepts, namely the activation of a single coordinate such as
bond stretching chosen by the user and the power of con-
strained conformer generation via metadynamics, is the foun-
dation of a powerful method to explore chemical reaction
pathways and provide the corresponding transition state guess
structures. When implemented with robust and efficient semi-
empirical quantum chemistry methods such as the GFN-xTB
family of methods, it only requires modest computational
resources while still providing meaningful results. Neverthe-
less, using IACTA with alternative electronic structure methods
is straightforward. Leveraging user input for the selection of
activating coordinates such as a bond to be broken allows us to
bypass the quadratic scaling of all possible bond-forming
processes encountered by more systematic approaches and
explore pathways to bemost likely for a given set of substrates or
to be of most interest in a given situation. In essence, IACTA is
analogous to starting a curly arrow mechanism by breaking one
bond, and then computationally completing the mechanism by
systematically nding the most energetically feasible responses.
However, this comes at the cost of losing some rigor for the
systematic exploration of reaction pathways by introducing user
bias.

Importantly, while IACTA can in principle be combined with
any level of theory, the use of IACTA with semi-empirical
methods is sufficiently low-cost to be deployed in an explor-
atory fashion for medium-to high-throughput virtual screening,
predicting, and studying the mechanisms behind by-product
formation or catalyst decomposition, and exploring the role of
explicit solvation in chemical reactions. Although the semi-
empirical calculations used in this work are appropriate for
qualitative discovery, they are not accurate enough for quanti-
tative analysis.52 Yet the high degree of inherent parallelism
present in our approach makes it scalable on distributed and
cloud compute systems, which would compensate for the
computational demands required even when higher levels of
theory are employed.75 Alternatively, to increase the computa-
tional accuracy without sacricing computational efficiency,
machine-learning based computational chemistry methods
such as the ANI family of methods76,77 offer huge potential for
even more reliable exploration of reactivity together with IACTA.
We are currently investigating the use of machine learning
methods (such as Gaussian process regression78–80) to robustly
rene the transition state guesses obtained from IACTA.
Investigations are also underway to improve systematicity by
automating the selection of potential activating coordinates.
This could enable the study of complex chemical reaction
networks3,81 by applying IACTA recursively over obtained prod-
ucts.43 Finally, the inclusion of automated (de)protonation and
tautomerization capabilities82,83 would increase the range of
chemistry that can be studied systematically by IACTA out of the
box and we are testing their implementation as well.

Overall, we believe that IACTA sets the stage for a new
approach to computational investigation of reactivity. Accord-
ingly, we envision IACTA to be an important stepping stone
towards a true virtual lab where reactivity can be explored in
a similar manner as it is done in an experimental lab, without
© 2022 The Author(s). Published by the Royal Society of Chemistry
knowledge of the outcome, providing valuable ideas for subse-
quent in-depth investigations and entire research campaigns.
Methods

The results presented in this paper were obtained using the xTB
package45,84 (version 6.3.0) and a custom interfacing and data
analysis code. Additional results for the Buchwald–Hartwig
coupling reactions were computed using ORCA (version 4.2.1),85

as described below. Timing data is reported for a single dual-
socket compute node with two 20-core, 2.4 GHz Intel Skylake
processors.
Algorithmic details

For generating conformers, the metadynamics module inte-
grated in xTB is used with parameters based on those of the
highly reliable algorithm of Grimme et al.38 In effect, molecular
dynamics are performed with regular snapshots, and these
simulations are augmented with a biasing potential
Vbias ¼

P

i
k expð�aDi

2Þ where Di is the root-mean-square
displacement (RMSD) between the current structure and the i-
th previous snapshot, and k and a are numerical parameters.
The biasing potential strongly drives the discovery of new
structures. The obtained structures are then optimized, with
similar structures being removed based on RMSD, rotational
constant and energy thresholds.38 Finally, structures exceeding
a maximum energy threshold are discarded. Numerical values
for all parameters are given in the ESI.†

In the examples presented, the overall number of sampled
trajectories varies between a few hundreds (such as the iodo-
butane example) and 10 000 (to obtain the results of Table 2),
depending on the number of atoms and the chosen sampling
parameters. The duration of metadynamics simulations, and
thus the number of trajectories, is chosen proportional to the
size of the system. A more thorough sampling is done for the
1,4-addition to explore many reactive geometries.

For post-processing, the obtained trajectories are collected
and parsed into reactions by transforming geometries of
trajectory minima to canonical SMILES using Open Babel86 and
identifying changes in the SMILES strings. For structures con-
taining a metal complex, the metal atom is removed before
conversion to eliminate spurious bond changes. The transition
structure of a trajectory is taken to be the highest energy
structure between reactants and products. The guess transition
state for a given reaction is the lowest energy transition struc-
ture amongst all trajectories for this reaction, and the estimated
activation energy is computed by subtracting the energy of the
most stable identied reactant conformer from the energy of
the approximate transition state.
Renement of trajectories for oxidative addition complexes

Additional renement of reaction trajectories was performed
for the results shown in Table 3. The specic protocol described
here broadly follows that of the computational study by Barder
et al. involving a similar catalyst.87 We note that our study
Chem. Sci., 2022, 13, 13857–13871 | 13867
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involves more substrates and that those substrates are more
complex. DFT calculations were performed at the PBE-D3/def2-
SVP level of theory.

Approximate transition structures obtained from the reac-
tion search were used to nd transition states with Berny opti-
mization at the GFN2-xTB level of theory. Here, performance is
excellent, with every guess transition structure converging to
a transition state. At this point, further transition state rene-
ments were attempted using PBE-D3/def2-SVP, but GFN2-xTB
was found to signicantly overestimate the length of the aryl–
halide bond in the transition state, hindering convergence and
making the transition state poorly transferable to higher-level
theory. Hence, a more sophisticated procedure was followed
for transition state renements. Specically, a rst transition
state guess was obtained by geometry optimization of the xTB-
obtained transition state, constraining the carbon–halogen
bond. Unconstrained geometry optimization of the resulting
structures resulted in the respective oxidative addition products
in all cases. Subsequently, a relaxed scan of the carbon–halogen
bond to 0.8 times the initial bond length starting from the
geometry obtained aer constrained optimization was carried
out. In addition, a partially relaxed scan of the palladium–

halogen bond to 1.5 times the initial bond length was per-
formed by constraining the carbon–halogen bond length.
Relaxed geometry optimization of either the last point of the
rst scan or the minimum energy structure of the second scan,
whichever one was lower in energy, yielded the reactant struc-
ture. Next, nudged elastic band (NEB) calculations together with
a subsequent transition state optimization (keywords NEB-TS or
ZOOM-NEB-TS in Orca) was performed using the reactant as
starting structure and the transition state guess from the con-
strained geometry optimization as product structure. Final
optimizations of reactants, products and transition states were
performed using exact initial Hessians to remove any residual
imaginary frequencies. The transition states were veried by
calculating both the forward and backward intrinsic reaction
coordinates and comparing the resulting endpoint structures
with the respective reactant and product structures.
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B. A. Grzybowski, Discovery and Enumeration of Organic-
Chemical and Biomimetic Reaction Cycles within the
Network of Chemistry, Angew. Chem., Int. Ed., 2018, 57(9),
2367–2371, DOI: 10.1002/anie.201712052.
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25 J. Koča, A Mathematical Model of the Logical Structure of
Chemistry. A Bridge between Theoretical and Experimental
Chemistry and a General Tool for Computer-Assisted
Molecular Design, Theor. Chim. Acta, 1991, 80(1), 51–62,
DOI: 10.1007/BF01114751.

26 M. Yang, J. Zou, G. Wang and S. Li, Automatic Reaction
Pathway Search via Combined Molecular Dynamics and
Coordinate Driving Method, J. Phys. Chem. A, 2017, 121(6),
1351–1361, DOI: 10.1021/acs.jpca.6b12195.

27 A. L. Dewyer and P. M. Zimmerman, Finding Reaction
Mechanisms, Intuitive or Otherwise, Org. Biomol. Chem.,
2017, 15(3), 501–504, DOI: 10.1039/C6OB02183B.

28 P. Jørgensen, H. J. A. Jensen and T. Helgaker, A Gradient
Extremal Walking Algorithm, Theor. Chim. Acta, 1988,
73(1), 55–65, DOI: 10.1007/BF00526650.

29 K. Ohno and S. Maeda, A Scaled Hypersphere SearchMethod
for the Topography of Reaction Pathways on the Potential
Energy Surface, Chem. Phys. Lett., 2004, 384(4), 277–282,
DOI: 10.1016/j.cplett.2003.12.030.

30 S. Maeda and K. Morokuma, Finding Reaction Pathways of
Type A + B / X: Toward Systematic Prediction of Reaction
Mechanisms, J. Chem. Theory Comput., 2011, 7(8), 2335–
2345, DOI: 10.1021/ct200290m.

31 W. M. C. Sameera, A. K. Sharma, S. Maeda and
K. Morokuma, Articial Force Induced Reaction Method
for Systematic Determination of Complex Reaction
Mechanisms, Chem. Rec., 2016, 16(5), 2349–2363, DOI:
10.1002/tcr.201600052.

32 T. Huber, A. E. Torda and W. F. van Gunsteren, Local
Elevation: A Method for Improving the Searching
Properties of Molecular Dynamics Simulation, J. Comput.-
Aided Mol. Des., 1994, 8(6), 695–708, DOI: 10.1007/
BF00124016.

33 A. Laio and M. Parrinello, Escaping Free-Energy Minima,
Proc. Natl. Acad. Sci., 2002, 99(20), 12562–12566, DOI:
10.1073/pnas.202427399.

34 M. Iannuzzi, A. Laio and M. Parrinello, Efficient Exploration
of Reactive Potential Energy Surfaces Using Car-Parrinello
Molecular Dynamics, Phys. Rev. Lett., 2003, 90(23), 238302,
DOI: 10.1103/PhysRevLett.90.238302.

35 C. Shang and Z.-P. Liu, Stochastic Surface Walking Method
for Structure Prediction and Pathway Searching, J. Chem.
Theory Comput., 2013, 9(3), 1838–1845, DOI: 10.1021/
ct301010b.

36 A. M. Saitta and F. Saija Miller, Experiments in Atomistic
Computer Simulations, Proc. Natl. Acad. Sci., 2014, 111(38),
13768–13773, DOI: 10.1073/pnas.1402894111.
Chem. Sci., 2022, 13, 13857–13871 | 13869

https://doi.org/10.1021/acs.jctc.5b00407
https://doi.org/10.1002/anie.201506101
https://doi.org/10.1021/acs.jctc.7b00945
https://doi.org/10.1021/acs.jctc.7b00945
https://doi.org/10.1021/acs.jctc.9b00126
https://doi.org/10.1021/acscentsci.6b00219
https://doi.org/10.1002/chem.201605499
https://doi.org/10.1002/chem.201605499
https://doi.org/10.1039/C8SC02339E
https://doi.org/10.1039/C8SC04228D
https://doi.org/10.1021/acscentsci.9b00576
https://doi.org/10.1021/acscentsci.9b00576
https://doi.org/10.1039/C9SC05704H
https://doi.org/10.1039/C9SC05704H
https://doi.org/10.1002/anie.201712052
https://doi.org/10.1016/S0097-8485(96)00004-6
https://doi.org/10.1016/S0097-8485(96)00004-6
https://doi.org/10.1007/BF00130400
https://doi.org/10.1007/BF00130400
https://doi.org/10.1007/BF01114750
https://doi.org/10.1007/BF01114751
https://doi.org/10.1021/acs.jpca.6b12195
https://doi.org/10.1039/C6OB02183B
https://doi.org/10.1007/BF00526650
https://doi.org/10.1016/j.cplett.2003.12.030
https://doi.org/10.1021/ct200290m
https://doi.org/10.1002/tcr.201600052
https://doi.org/10.1007/BF00124016
https://doi.org/10.1007/BF00124016
https://doi.org/10.1073/pnas.202427399
https://doi.org/10.1103/PhysRevLett.90.238302
https://doi.org/10.1021/ct301010b
https://doi.org/10.1021/ct301010b
https://doi.org/10.1073/pnas.1402894111
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d2sc05135d


Chemical Science Edge Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

0 
N

ov
em

be
r 

20
22

. D
ow

nl
oa

de
d 

on
 2

/7
/2

02
6 

1:
52

:5
5 

PM
. 

 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 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
37 L.-P. Wang, A. Titov, R. McGibbon, F. Liu, V. S. Pande and
T. J. Mart́ınez, Discovering Chemistry with an Ab Initio
Nanoreactor, Nat. Chem., 2014, 6(12), 1044–1048, DOI:
10.1038/nchem.2099.

38 S. Grimme, Exploration of Chemical Compound,
Conformer, and Reaction Space with Meta-Dynamics
Simulations Based on Tight-Binding Quantum Chemical
Calculations, J. Chem. Theory Comput., 2019, 15(5), 2847–
2862, DOI: 10.1021/acs.jctc.9b00143.
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