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Reaction Optimization through Mechanistic Insight and Predictive
Modelling

Roger Monreal-Corona,*® Anna Pla-Quintana *? and Albert Poater *?

The control and optimization of chemical reactions lie at the heart of modern synthetic chemistry, driving progress in
efficiency, selectivity, and sustainability. This review highlights the evolution of reaction optimization strategies, from
empirical one-factor-at-a-time (OFAT) approaches to statistically robust methodologies based on design of experiments
(DoE). These frameworks enable a systematic exploration of reaction space, providing quantitative models that accelerate
process development and mechanistic understanding. The synergy between experimental and computational chemistry is
discussed as a transformative paradigm for elucidating catalytic mechanisms and rationalizing selectivity in complex systems.
Advances in density functional theory (DFT) and related electronic-structure analyses have enabled detailed characterization
of intermediates and transition states, supporting predictive mechanistic models. Finally, the integration of machine learning
(ML) into synthetic and mechanistic chemistry is outlined as a key frontier for predictive catalysis, offering new tools for
reaction deployment, development, and discovery. By uniting experimental design, theoretical modeling, and data science,
this multidisciplinary framework paves the way toward autonomous, data-driven reaction optimization and rational catalyst

design.

1. Introduction

After a long quest of more than 200 years, organic chemistry has
emerged as one of the most important subjects of research, and the
field has witnessed tremendous advancement along the lines of
developing novel methods for efficiently synthesizing small to highly
complex molecules.>2 In fact, the impact of these developments
could be well-observed in our day-to-day life by simply analysing the
importance and need of products from various chemical-based
industries like pharmaceuticals, fertilizers, pesticides, rubbers,
plastics, cosmetics, etc.3 Applications of organic synthesis in these
areas have exhaled remarkably, leading to an exponential growth in
the demand of synthetically challenging and complex molecular
scaffolds. In order to cater to this exponentially increasing demand
of efficiently accessible chemical space, the need to develop superior
synthetic methodologies that are not only greener but also cost-,
time-, yield-, and labour-effective is constantly intensifying.*

The creation of organic molecules, no matter how complex,
necessitates the use of effective methods for performing specific
transformations. However, developing a reaction that results in only
the desired product poses a formidable challenge. Indeed, the
control of selectivity is of utmost importance to transition towards
green chemistry and to avoid the economic and environmental costs
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associated with tedious purification and the disposal of undesired
products.®

The control of the selectivity of a reaction, especially as molecular
complexity increases, is very challenging. The conceptual approach
to obtaining selectivity is to make the desired reaction channel
overwhelmingly kinetically favourable compared to the rest of the
transformations. One of the most efficient ways to achieve this is
through the use of catalysts.® Selectivity comes in various forms, such
as chemo-, regio- and stereoselectivity, each presenting different
difficulty in
stereoselectivity has been a significant milestone in chemistry and

grades of control.”7®¢  Catalyst control over
intense work on this topic is leading to an increasingly better-
documented knowledge of the stereoelectronic factors governing
the formation of different stereoisomers. In contrast, the ability of
different metal catalysts to direct the reaction of one set of reactants
to the formation of different chemoselective products is meaningful
but infrequent.® This approach to product selection has clear
advantages over the commonly employed strategy of altering
reactants or reaction conditions to redirect a reaction pathway
toward different products. Thus, tuning the catalyst to trigger
different reaction pathways from the same set of starting materials
is a highly appealing strategy for the development of new chemical

transformations.

It is fundamental to improve predictability and control over
selectivity, as well as to extend the typology of scaffolds that can be
accessed. This is not only important for the synthesis of a targeted
compound but also highly relevant for the rapid generation of
libraries of complex molecules.
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2. Reaction Optimization

Chemical reaction optimization encompasses a range of meanings
that vary significantly depending on the chemist's perspective,
leading to diverse expectations regarding optimization capabilities
and proficiency.1® Notably, reaction optimization remains largely
underexplored in undergraduate chemistry curricula,!* which may
leave many research chemists unaware of established optimization
techniques. As a result, chemists may rely on intuition-driven
approaches throughout their careers, particularly in academic
settings, where empirical trial-and-error remains common practice.

However, in industrial environments, especially in process
development and scale-up, optimization is not merely a tool but a
necessity. The ability to efficiently transfer a reaction from lab scale
to manufacturing scale hinges on rigorous optimization protocols
that ensure reproducibility, safety, and cost-effectiveness.12 This
contrasts with academic workflows, where optimization is often less
formal and primarily aimed at demonstrating feasibility or
mechanistic understanding rather than large-scale implementation.
The divergence in approaches reflects the different objectives of
each context: industry prioritizes robustness, efficiency, and
regulatory compliance, while academia often values innovation,
proof-of-concept, and fundamental insights. Growing evidence
suggests that data-driven techniques such as reaction modelling and
algorithmic optimization can significantly improve efficiency,
reducing both time and material consumption. These advanced
routinely applied in and
development, particularly within process laboratories,

multidisciplinary teams, including statisticians, data scientists, and

methods are industrial research

where

process engineers collaborate to refine reaction conditions with
precision.

2.1. One factor at a time

“Intuition-based optimization” primarily refers to the practice of
enhancing reaction metrics based on trends and anecdotal insights
from experienced chemists. In conjunction with this intuitive
approach, the OFAT methodology frequently serves as an alternative
strategy for chemical process optimization and
understanding.1314.1516 This technique is predominantly employed in
academic settings, often within the framework of a structured yet
straightforward procedural approach, which renders it both effective
and accessible. The OFAT methodology necessitates a degree of
scientific intuition, wherein experiments are iteratively conducted by
holding all process variables constant except for a single factor. Upon
identifying the optimal value for this factor, it is fixed while
subsequent experiments are carried out to optimize another
variable. This process continues until each factor is optimized to the
researcher’s satisfaction, leading to the belief that optimal reaction
conditions have been achieved.” These factors may encompass a
variety of experimental conditions such as temperature, catalyst,
ligands, additives, stoichiometry, and reaction time, which, when
considered collectively, create a multidimensional parameter space.

This space contains numerous possible combinations of factors for

2 | Digit. Disvov., 2025, 00, 1-3

each experimental run and is bounded by the upper and lower limits
of each variable (e.g., maximum and minim (Al témiPSratrieg)0543D

Although the OFAT methodology provides a fast and straightforward
approach to optimization, it is commonly regarded as inaccurate and
inefficient compared to more advanced methods. This approach
often leads to a misinterpretation of the chemical processes under
investigation, as it fails to account for potential synergistic
interactions between the variables involved.18 The method overlooks
any interdependencies between experimental factors, as it applies a
linear framework to chemical reactions that exhibit inherently
nonlinear responses.’® Such nonlinearity can be effectively
addressed through statistical or physical modelling, yet it remains
unexplored within the OFAT framework, which can result in the
incorrect identification of optimal reaction conditions.20.21

A schematic representation of an exemplary OFAT optimization
strategy for a chemical reaction is depicted in Figure 1, where
reagent equivalents and temperature are the variables under
consideration.’® The optimization proceeds by initially fixing the
temperature while performing seven experiments to determine the
optimal reagent equivalents. Once experiment 5 identifies the
optimal reagent equivalents, experiments 8-14 are conducted to
optimize the temperature. Since only two parameters are considered
in this example, the optimization is deemed complete, assuming the
identified conditions are optimal. However, because the response
surface is unknown prior to experimentation, it remains challenging
to assess the proximity of the identified optimal parameters to the
true global optimum of the system.
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Figure 1. Schematic representation of an OFAT experimental
optimization process, in which reagent equivalents and temperature
are varied. The response surface is color-coded, ranging from red
(indicating a low response) to blue (indicating a high response).
Reprinted with permission from the American Chemical Society.10

Numerous examples in the literature demonstrate the application of
OFAT optimization across various fields of chemistry. However, with
advancements in laboratory equipment and the emergence of
technologies, 2223 chemists must adapt and expand their skill sets to
fully leverage these innovations. Modern optimization strategies are

This journal is © The Royal Society of Chemistry 20xx
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increasingly robust and efficient, often outperforming traditional
OFAT approaches in terms of accuracy and reliability.242526

2.2. Design of experiments

DoE is a robust and widely adopted optimization technique,
particularly in the pharmaceutical and fine chemical industries. DoE
encompasses a set of statistical methods aimed at constructing a
mathematical model that describes the relationship between
experimental inputs (e.g., temperature, reaction time) and reaction
outcomes (e.g., yield, purity). By systematically exploring the
influence of multiple factors simultaneously, DoE enables a more
efficient and comprehensive understanding of reaction behaviour
compared to traditional optimization approaches. There are three
DoE:
robustness.?’.2829 Screening aims to identify the factors that have a

main  objectives for screening, optimization, and
significant impact on reaction outcomes while defining their upper
and lower bounds. Optimization then determines the optimal levels
of these factors, such as temperature and reagent equivalents, to
maximize the desired reaction output. Finally, robustness testing
assesses the sensitivity of the reaction to small variations in
experimental conditions, ensuring reproducibility and reliability

under real-world laboratory settings.

In practice, conducting a DoE campaign involves executing a set of
predefined experiments following a structured experimental
framework. These frameworks serve as systematic guides for
exploring the selected factors and their defined ranges, ensuring
efficient coverage of the parameter space. By organizing
experiments in this manner, DoE facilitates the collection of data in
a structured format, enabling the development of robust statistical
models to analyse and optimize reaction conditions.3? The structure
of experimental data is crucial, as it can be challenging to analyse or
interpret solely through human intuition. To address this, DoE
software such as MODDE,3! JMP,32 Design-Expert,33 or toolboxes in
programming languages like R, MATLAB, and Python are commonly
used. These tools facilitate data analysis, model fitting, and
parameter optimization. Once a statistical model is constructed,
optimal reaction conditions can be identified, and response surfaces
are often visualized to illustrate the influence of experimental factors
on reaction outcomes.

An example of reaction optimization in the frame of DoE is the
synthesis of vanillin, iso-vanillin, and heliotropin, reported by Minisci
and co-workers.3* Several DoE studies were conducted to identify the
optimal process parameters for each synthetic step, including the
initial addition of glyoxylic acid to catechol to form the desired 3,4-
dihydroxymandelic acid intermediate, as depicted in Scheme 1. Initial
attempts to replicate published literature protocols resulted in poor
selectivity and vyields (<20 %), prompting the authors to
systematically employ DoE designs. These designs were used to
identify key experimental factors and to estimate the effects of main
factors and their interactions, ultimately leading to the development
of an accurate statistical model that optimized product yield.

This journal is © The Royal Society of Chemistry 20xx
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Scheme 1. Synthesis of the desired 3,4-dihydroxymandelic acid
intermediate.

The first DoE study investigated the following variables: the amount
of glyoxylic acid, aluminium oxide, reaction temperature, and sodium
hydroxide, while keeping the amounts of catechol, water volume,
and reaction time at fixed values. This design resulted in 18
experimental runs. It was determined that excess sodium hydroxide
significantly increased impurity formation rates, prompting a
subsequent study under less basic conditions. The factors for this
second study included glyoxylic acid, catechol-to-aluminium oxide
ratio, and temperature, and this study employed a design with nine
experiments. The responses measured were the recovery of
catechol, selectivity for the desired product, and product yield. A
statistical model was generated for each response, and the response
surface for the selectivity of the desired intermediate is shown in
Figure 2. The analysis revealed that to achieve optimal product
output, the glyoxylic acid amount should be increased, the catechol-
to-aluminium oxide ratio should be maintained between 2.17 and
2.28, and the reaction temperature should be elevated. Further
experimentation, based on these findings at higher factor bounds,
resulted in an improved selectivity of 90.5 % and a conversion of 78.4
%, with unreacted catechol being easily recovered and recycled.

Temperature = 50°C  Selectivity /%

Temperature = 25°C

Temperature = 37.5°C

Aluminium oxide /mmol

44
Glyoxylic acid /mmol

Figure 2. Contour plot for the selectivity of the reaction forming the
desired 3,4-dihydroxymandelic acid The data,
originally reported by Minisci and co-workers, were utilized to refit

50

Glyoxylic acid /mmol Glyoxylic acid /mmol

intermediate.

the model and generate the response surface, which was plotted
using MODDE Pro. Reprinted with permission from the American
Chemical Society.10

Another example of DoE is the recent work by ludanov et al.,3> who
investigated the selective cross-metathesis (CM) of terpenes, a
transformation often overshadowed by the competing ring-closing
metathesis (RCM) pathway (see Scheme 2). In reactions involving
prenylated 1,6-dienes, RCM is typically favoured due to entropic
considerations and the formation of stable cyclic products. To

Digit. Disvov., 2025, 00, 1-3 | 3
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overcome this inherent bias, the authors employed a sterically
demanding diiodo ruthenium precatalyst, which selectively engages
terminal olefins while disfavouring internal alkene coordination. This
catalyst design provided a promising foundation for cross-metathesis
selectivity, but the reaction’s complexity, driven by multiple
interdependent variables, necessitated a more systematic approach
to optimization.

Et0,C_ CO,Et

e Et0.C_ CO,Et
oM RCM Et0,C_ CO.Et
X - P——
1-octene Z > coordinative
additive

Scheme 2. Possible olefin metathesis reaction pathways (CM and
RCM) for the selected substrate.

The authors implemented a multivariate DoE strategy using MODDE
software. This allowed them to simultaneously evaluate the effects
and interactions of three key parameters: catalyst loading (1-3
mol %), substrate concentration (0.1-0.4 M), and equivalents of
Estragole (2—15). The use of DoE was instrumental in revealing not
only the individual contributions of each variable but also their
synergistic effects on reaction conversion, as shown in Figure 3. The
statistical model identified substrate concentrate on and catalyst
loading as the most influential factors, while the number of
equivalents of Estragole substrate exhibited a more nuanced,
context-dependent impact. Under the predicted optimal conditions
(0.31 M substrate concentration, 8.8 equivalents of Estragole, and 3
mol % catalyst) the reaction yielded 68 % CM product, a significant
improvement over conditions derived from OFAT methods.

/ equiv. of
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(
- o
{ " conversion [%]
Ve 60
(R 50
40
30
20
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@ %verlappmg points
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S
&
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% (@
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Figure 3. Exploration of the reaction parameter space for the cross-
metathesis of B-myrcene with Estragole substrate, where each
sphere corresponds to an individual experiment and is color-coded
according to its conversion yield. Reprinted with permission from
Wiley-VCH.3>

Beyond the initial model system, the optimized protocol was
successfully extended to other terpenes, including ocimene, trans-B-
farnesene, and B-citronellene, demonstrating the robustness and

4 | Digit. Disvov., 2025, 00, 1-3

generalizability of the DoE-guided approach. In each ¢ase, selective
CM was achieved with minimal RCM byproduet fatraation Validating
both the catalyst design and the statistical framework. This study
exemplifies how DoE can serve as a strategic asset in synthetic
chemistry, particularly in systems where subtle steric and electronic
factors can dramatically alter reaction outcomes.

Optimization of reaction conditions utilizing DoE offers significant
advantages over traditional approaches. By employing predefined,
space-filling experimental designs, DoE eliminates the need for
heuristic, intuition-based optimization strategies and has repeatedly
proven to be a more efficient methodology. As illustrated in Figure 4,
this approach, in contrast to conventional OFAT studies, enables the
development of robust statistical models that comprehensively
characterize the chemical process across the entire experimental
domain. This methodology is particularly advantageous for reaction
prediction, as it allows for the generation of response surface
contours, providing a detailed representation of parameter
interactions and facilitating process optimization. A key limitation of
DoE is the challenge of incorporating categorical variables, as these
experimental designs are inherently suited for continuous
parameters. One approach to address this issue is to represent
categorical variables, such as solvent or catalyst choice, using
appropriate continuous descriptors.3® For instance, solvents can be
encoded through physicochemical properties like polarity index or
dielectric constant. These descriptors can then be mapped onto real-

world categorical selections, enabling their integration into the DoE

framework.
OFAT
¢
¢
o @
o H
© @
L 9
&
B
_—
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Figure 4. Comparison of parameter space exploration between a
conventional OFAT optimization and a DoE approach, where each
point represents an individual experimental run. Reprinted with
permission from the American Chemical Society.10

DoE has been widely employed in the optimization of chemical
processes, particularly within the pharmaceutical and fine chemical
industries. While DoE is commonly applied to improve product
yie|d37,38,39,40,41,42,43,44,45,46,47,48 and purity,49'5°'51'52'53 its utlllty extends
to drug formulation34355657.5859 gand delivery,596162 analytical
method
applications.67.686970 The increasing availability of user-friendly

development,63.64,65,66 and various other
software and growing recognition within the chemical community
have contributed to a significant rise in the adoption of this statistical

approach in recent years.

This journal is © The Royal Society of Chemistry 20xx
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3. Synergy of experiments and computational
chemistry

One of the most transformative developments in the field of reaction
optimization has been the emergence of computational chemistry.
This discipline leverages advanced methodologies to extract
fundamental insights into chemical systems by employing models
derived from both empirical data and first-principles quantum
mechanics. These computational models encompass a range of
theoretical approaches, each tailored to the specific system under
investigation and the properties of interest, thereby offering varying

degrees of accuracy and complexity.”!

Computational  chemistry  methodologies have  become
indispensable for understanding catalytic processes, as they enable
the detailed characterization of reaction mechanisms composed of
consecutive elementary steps.’>273 Such approaches have been
widely applied in different contexts, including organocatalysis as well
as acid- and base-catalysed reactions. Organometallic catalysis poses
unique challenges: the complexity of metal-substrate interactions
and the diversity of accessible pathways make it especially well-

suited to computational analysis.”

In organometallic catalytic cycles, reactive intermediates generated
in one step usually undergo rapid transformation in the subsequent
one, which hinders their experimental isolation and characterization.
Elementary reactions represent the most fundamental level of a
chemical process, proceeding without the formation of stable
intermediates between reactants and products.’”> In these
transformations, all molecular modifications including bond
formation and cleavage, as well as ligand coordination and
dissociation occur within a single mechanistic step. As a result, the
characterization of elementary reactions is relatively
straightforward, as they can be elucidated by directly comparing the
structures of the reactants and products. Scheme 3 illustrates several
key elementary reactions commonly encountered in organometallic

complexes.

This journal is © The Royal Society of Chemistry 20xx
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Scheme 3. Representative examples of fundamental elementary
reactions in organometallic chemistry.

While elementary reactions are inherently simple, their combination
can give rise to a wide range of complex transformations. Thus,
elucidating a catalytic cycle requires identifying the precise sequence
of elementary steps that convert substrates into the final product.
Given the inherent versatility of organometallic complexes, multiple
reaction pathways are often feasible for the same set of
intermediates, leading to competing mechanisms that may converge
to the same product or diverge into different outcomes. In many
cases, multiple plausible pathways can rationalize the observed
reactivity, complicating the determination of the operative
mechanism. Therefore, a comprehensive analysis of each species
involved in the catalytic cycle is essential for achieving a detailed
understanding of the system’s reactivity.”®

Computational methodologies, such as DFT, are used to investigate
reaction pathways by analysing both intermediates and transition
states. These calculations provide molecular-level insights into the
energetics and structural evolution of key steps, complementing
experimental observations and helping to validate proposed
mechanisms.”” Intermediates represent stable species that form and
evolve throughout the reaction, while transition states correspond
to the highest-energy molecular configurations along the
transformation from reactants to products. Due to their inherently
impossible to
advances in

unstable nature, transition states are nearly
characterize experimentally. However, recent
spectroscopic techniques such as double resonance spectroscopy
and time-resolved pump-probe methods, have begun to challenge

this notion. As demonstrated by Kim et al.,’®7° it is now possible to

Digit. Disvov., 2025, 00, 1-3 | 5
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extract structural and dynamic information near the transition state
region, even in relatively complex systems, by exploiting vibrational
coupling and selective excitation schemes. These developments
mark a turning point in our ability to probe the elusive topography of
the reaction coordinate.

Moreover, the experimental identification of all intermediates
involved in a catalytic reaction, as well as the transformations they
undergo, is often challenging and, in many cases, unfeasible. This
difficulty arises because most catalytic intermediates do not
accumulate in detectable quantities at any stage of the reaction;
instead, they are rapidly consumed immediately after their
formation. An exception occurs when an intermediate precedes a
reaction step with a sufficiently high effective energy barrier. In such
cases, the transformation of this species progresses at a slower rate
than its formation, leading to its accumulation in concentrations
sufficient for detection. Conversely, an intermediate situated before
a rate-limiting step may undergo alternative, lower-energy
processes, such as the reverse reaction or side pathways that do not
lead to product formation. The species interconverted through these
faster processes typically exist in quasi-equilibrium, with the most
thermodynamically among constituting  the
predominant form of the free catalyst. These species, known as

stable them
resting states, can often be experimentally detected. However, while
resting states provide valuable insights into the overall reactivity of
the system, they do not necessarily reveal the rate-determining step,
as multiple faster reactions may separate the experimentally
observed species from the actual bottleneck of the catalytic cycle.8®

In the energetic span model introduced by Kozuch and Shaik,8182 the
concept of a rate-determining state replaces the traditional notion of
a rate-determining step. Rather than focusing on a single slow step,
the model identifies two key states that govern the turnover
frequency (TOF) of a catalytic cycle: the TOF-determining transition
state (TDTS) and the TOF-determining intermediate (TDI). These are
not necessarily the highest or lowest energy points in the cycle, nor
are they always adjacent (see Figure 5). The energetic span (6E),
defined by the energy difference between TDTS and TDI (with a
correction for reaction free energy if needed), serves as the apparent
activation energy of the entire cycle. This paradigm shift emphasizes
that catalytic efficiency is shaped by the interplay of specific states
rather than isolated steps, offering a more accurate and predictive
framework for analysing and designing catalysts.

Figure 5. Energy profile of a model catalytic cycle which shows that
combination of 11 and T2 maximize 6E and these states result in the
TDI and TDTS.

6 | Digit. Disvov., 2025, 00, 1-3

Moreover, certain reactions that do not directly influel;}%qu;@cg\{%q%[el
catalytic rate can still play a critical role GfF|détéprvifiihR Cédtalypst
activity, particularly those governing selectivity. Within the complex
network of interconnected mechanistic pathways, key branching
points leading to distinct products. The
stereoelectronic properties of the intermediates at these junctions

emerge, each
dictate the preferred reaction pathway, with significant kinetic
differences between competing routes manifesting as measurable
selectivity. Importantly, the detection of a branching intermediate
does not in itself provide information on selectivity, since selectivity
depends on the competition between subsequent reaction paths
rather than on the mere existence of the common precursor.
Furthermore, the experimental observability of intermediates is
governed by their thermodynamic stability and their position relative
to the rate-determining step, meaning that crucial species at
selectivity-determining junctions may not always be experimentally
accessible.

Experimental investigations of catalytic cycles often extend beyond
the direct study of the reaction itself, incorporating complementary
experiments to gain mechanistic insight. One commonly employed
approach involves the stepwise, stoichiometric addition of individual
substrates to the catalyst, followed by characterization of the
resulting intermediates. This strategy aims to elucidate the

coordination and activation modes of these species.

A compelling recent example of mechanistic dissection in catalysis is
provided by Ivanci¢ et al.,®3 who investigated the copper-free
Sonogashira reaction, a palladium-catalysed cross-coupling between
aryl halides and terminal alkynes, by breaking down the proposed
bimetallic Pd—Pd catalytic cycle into elementary steps and studying
them independently under synthetically relevant conditions (see
Scheme 4). Traditionally, the Sonogashira reaction involves a dual
Pd—Cu system, but the copper-free variant, often referred to as the
Heck—Cassar alkynylation, offers notable advantages such as reduced
side reactions (e.g., alkyne homocoupling), improved environmental
compatibility, and operational simplicity. However, its mechanism
remains controversial, particularly regarding the nature of the alkyne
activation step: whether it proceeds via direct ligand exchange or a
true transmetallation between two palladium species.

Ivancic¢ et al. provide compelling evidence in favour of a bimetallic
Pd—Pd mechanism involving transmetallation. They synthesized and
characterized key organometallic intermediates including palladium
monoacetylides, bisacetylides, and oxidative addition complexes,
and compared the kinetics of individual steps such as oxidative
addition, transmetallation, and reductive elimination. Their kinetic
analysis revealed that transmetallation is likely the rate-determining
step, challenging previous assumptions of a monometallic pathway.
This work not only clarifies the mechanistic landscape of copper-free
Sonogashira reactions but also highlights the utility of isolating and
studying longstanding mechanistic

intermediates to resolve

ambiguities.

This journal is © The Royal Society of Chemistry 20xx
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Scheme 4. Dual

synergistic mechanistic proposal. Cis—trans
isomerization steps are omitted for clarity. OA oxidative addition, TM

transmetallation, RE reductive elimination.

Another powerful tool for probing catalytic mechanisms is substrate
variation. The use of substrates with distinct steric and electronic
properties such as variations in bulkiness, nucleophilicity, or the
presence of functional groups allows researchers to assess their
impact on catalytic rate and selectivity.®* Likewise, isotopically
labelled substrates facilitate the measurement of kinetic isotope
(KIE),
transformations occurring during the rate-limiting step.8 For
instance, in 2008, Fristrup et al.8 investigated the mechanism of a

effects offering crucial insights into the nature of

rhodium-catalysed decarbonylation of aldehydes through a
combined computational and experimental approach. The authors
proposed a catalytic cycle comprising three key steps: (I) oxidative
addition of the aldehyde C-H bond to the rhodium centre, forming a
rhodium-acyl intermediate; (Il) migratory extrusion of carbon
monoxide; and (l11) reductive elimination to release the hydrocarbon

product and regenerate the active catalyst (see Scheme 5).

o

I
Ph,
@ (P, Rh‘,.L
P ~co
Ph,
m co

Phy Ph;
<P,._£?.L CF‘RH"L

P” | ~Ph )

Ph,H Ph,

NS

Scheme 5. Proposed catalytic cycle for the rhodium-catalysed

Ph
(E?T,th.oL
P~ “H
Ph;

decarbonylation of aldehydes composed of the following steps: (1)
oxidative addition, (ll) migratory extrusion, and (lll) reductive
elimination.

To probe the selectivity-determining step, they performed
competition experiments between benzaldehyde and its deuterated
analogue (benzaldehyde-d;), yielding a KIE of 1.77. This value
indicates that the C—H bond is at least partially broken in the
transition state of the selectivity-determining step, but not
necessarily in the rate-limiting step. DFT calculations complemented
these findings by modelling the full catalytic cycle and evaluating the

energy profiles of each elementary step. The computational data

This journal is © The Royal Society of Chemistry 20xx
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revealed that the migratory extrusion of CO is the highest-gnergy
transition state, suggesting it is the OateldétepmihingO0step.
Importantly, the calculated KIE values based on this mechanistic
model closely matched the experimental results, reinforcing the
validity of the proposed pathway.

Another involves
examining the reactivity of complexes that mimic proposed

intermediates, providing direct evidence for their involvement in the

frequently employed diagnostic approach

catalytic mechanism. In their study of the copper-free Sonogashira
reaction, Gazvoda et al.8” synthesized and isolated key palladium
complexes believed to participate in the catalytic cycle (see Scheme
4). By mixing these species under controlled conditions and
observing the formation of the cross-coupled product, they
demonstrated that transmetallation between two palladium
complexes is not only feasible but likely operative under catalytic
conditions. This finding strongly supports their proposed Pd/Pd dual
synergistic mechanism and challenges the previously accepted
monometallic pathway, which does not involve transmetallation.

This study complements the work of Ivanci¢ et al.83 who also
dissected the copper-free Sonogashira reaction into elementary
steps and investigated them independently. While Ivanci¢ et al.
focused on kinetic analysis of each step, Gazvoda et al. emphasized
the direct reactivity of isolated intermediates. Both studies converge
on the same mechanistic conclusion: that a dual synergistic Pd—Pd
pathway involving transmetallation is operative. However, their
differ in
stoichiometric reactivity testing, providing orthogonal lines of

approaches emphasis, kinetic dissection versus

evidence that reinforce the plausibility of the dual catalytic cycle.

Despite the breadth of available experimental methodologies,
mechanistic studies often yield incomplete information, making it
difficult to unambiguously determine all intermediates and their
respective roles within the catalytic cycle. In fact, reaction
mechanisms are inherently postulated models, constructed to
rationalize all available evidence, but rarely validated with absolute
certainty. The proposed pathway must align with kinetic data,
spectroscopic observations, and reactivity profiles, yet remains a
best-fit hypothesis rather than an unequivocal truth. Furthermore,
reaction

precise quantification of molecular properties and

energetics remains inherently challenging for experimental
techniques. As a result, mechanistic investigations frequently
provide only partial reaction pathways and primarily qualitative
insights into the effects of various factors on catalytic activity and
selectivity. This limitation can hinder the formulation of well-
supported mechanistic conclusions, particularly in complex systems
where multiple interrelated variables influence reactivity.
Consequently, achieving a comprehensive understanding of catalytic
processes benefits from an integrated approach that combines
experimental findings with computational and theoretical analyses.
While each perspective can independently yield valuable insights,
their combination often provides a more robust and nuanced
picture, helping to bridge knowledge gaps and validate mechanistic

hypotheses from complementary angles.
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In this context, computational chemistry methodologies enable a
comprehensive theoretical analysis of organometallic catalysts.
These approaches allow the determination of geometries, relative
energies, and other key properties of all species potentially involved
in a catalytic cycle. By comparing the energetics of intermediates and
transition states, computational studies not only identify the most
favourable reaction pathway but also uncover alternative routes,
including those leading to competing products. This provides
quantitative insight into both reactivity and selectivity, with
mechanistic interpretations grounded in molecular structures, bond
lengths, and stereoelectronic effects. However, the systematic
construction and evaluation of such complex reaction networks,
often involving numerous intermediates and transition states,
remains a challenging and time-consuming task.

An illustrative example of a reaction mechanism unveiled by means
of computational and experimental techniques is shown in Figure 6.
Species in blue are experimentally detectable, including the catalyst,
the intermediate obtained when only alkene is added to the reaction
mixture, the intermediate before the highest activation energy in the
whole reaction mechanism, and the product obtained. The reaction
path in black is computationally obtained derived from observations,
and reaction paths in grey are computationally determined but are
not based on experiments.

BT
rgioseiectivity . /J\A s ¥
el s ([ 3 3] e
A LoM:+" Al determining step
B | —_— Iy
Bt X A "
- = X.. B
£ ) = B TUML, A
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detectabie by exciusive Mn et A I}A
addition of the alkens ML, V
A LM
A detectabie in catalylic

Figure 6. A model example of a computationally and experimentally
unveiled reaction mechanism.

Computational studies facilitate the identification of species that
govern reaction rates and selectivity, as well as the energy
differences between them, providing deeper insights into catalytic
activity. Moreover, these methodologies can be applied to various
substrates, allowing for the comparative assessment of catalytic
efficiency. The quantitative nature of the results, coupled with the
characterization of key reactive species, enhances our understanding
of the factors influencing catalysis. Advanced computational
techniques, such as DFT, Natural Bond Orbital (NBO),8 Quantum
Theory of Atoms in Molecules (QTAIM),®® Buried Volume (%Vgur),*®
Non-Covalent Interactions (NCI) plots,° and Mayer Bond Order
(MBO) analysis,®? provide a detailed description of the electronic
structure and interactions within these species, aiding in the
identification of features that define catalytic behaviour.?® Each
method offers complementary insights: DFT vyields optimized
geometries and energy profiles; NBO analysis reveals donor—
acceptor charge QTAIM
characterizes bond critical points and electron density topology;

interactions and delocalization;

%Veyr quantifies the steric environment around the metal centre;?*

8 | Digit. Disvov., 2025, 00, 1-3

NCI plots visualize weak interactions such as hydrogen bonding or
van der Waals forces; and MBO provides B@unéfiéal Redbinnatet of
bond strength. Together, these tools enable a multifaceted
understanding of the factors governing reactivity and selectivity in
catalytic systems.

As a result, computational approaches have become indispensable
for elucidating catalytic mechanisms. Their application not only aids
in interpreting experimental observations but also informs the
rational design of new catalysts by highlighting structural and
that promote or hinder specific
transformations.?>% However, a key challenge in computational

electronic  factors
mechanistic studies is the necessity of thoroughly exploring all
possible reaction pathways to ensure reliable conclusions. Unlike
experimental studies, where the observed species is typically the
most thermodynamically or kinetically favoured, computational
analyses risk overlooking lower energy species or alternative
pathways, potentially leading to inaccurate interpretations. Given
the complex reactivity of organometallic systems and the diverse
molecular fragments involved, comprehensive exploration of
reaction networks can be computationally demanding.®”

To address this limitation, computational predictions must be
validated and guided by experimental data. Experimental
benchmarks such as activation energies, selectivity trends, and the
identification of key intermediates provide essential constraints for
theoretical models.  Exploratory  experiments, including
stoichiometric reactivity tests, can further support the relevance of

computed intermediates and transition states.®

Rather than treating computational and experimental approaches as
separate domains, integrating them into a unified framework
enhances the

reliability and depth of mechanistic insights.

Computational results can suggest new experiments, while
experimental findings can refine theoretical models. This reciprocal
feedback

understanding of catalytic processes, enabling the prediction of

loop fosters a more accurate and comprehensive

reactivity under diverse conditions and the optimization of catalyst
modifications. This
synergistic strategy where theory and experiment guide and validate

performance through informed structural
one another is at the heart of predictive catalysis,®® a paradigm that
seeks not only to explain observed behaviour but to anticipate and
design new reactivity with precision.’® Actually, despite the
importance of ML, predictive catalysis will remain a key vehicle for
iron olefin

generating insights, as demonstrated in

metathesis, 101102103 particularly when datasets cannot be sufficiently

new

expanded for robust ML applications, as recent findings from some
of us indicate.104105 Thus, by extension, predictive chemistry remains
a valuable tool.106,107

4. Machine Learning

In recent years, the convergence of chemistry and data science,
particularly through the integration of ML has begun to reshape
synthetic and mechanistic chemistry.108109 This emerging field of
predictive chemistry leverages ML to accelerate the deployment,

This journal is © The Royal Society of Chemistry 20xx
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development, and discovery of chemical reactions. While the
potential is immense, it is important to recognize that many of these
approaches remain in their infancy. Their success often hinges on the
availability of large, high-quality datasets, and their applicability is
not yet universal across reaction types or chemical domains.

Coley and coworkers classify ML applications in synthetic chemistry
into three key areas: reaction deployment, reaction development,
and reaction discovery.110

Regarding reaction deployment, ML has transformed retrosynthetic
planning. Traditional expert systems, which rely on hand-coded
rules, are increasingly complemented or even replaced by data-
driven models. Template-based approaches use predefined reaction
patterns, such as SMARTS rules, to suggest disconnections in target
molecules. In contrast, template-free models treat retrosynthesis as
either a graph transformation problem or a natural language
translation task. A notable example is the Molecular Transformer,
which uses sequence-to-sequence learning on SMILES strings to
predict reaction outcomes and retrosynthetic steps.11t

In reaction development, ML models assist in selecting reaction
conditions such as solvents, catalysts, and ligands, tailored to specific
substrates.112.113 These models can operate globally across diverse
reaction types or locally within a single transformation class. One
promising direction is substrate scope prediction, which is becoming
more systematic through ML. By training on high-throughput
experimental data, models can estimate whether a new substrate
will succeed under given conditions. This capability moves the field
closer to algorithmically generating scope tables, traditionally built
through manual trial and error. A compelling example is the use of
active learning in Ni/photoredox cross-coupling reactions, where ML
models iteratively suggest the most informative substrates to test
next, thereby optimizing the experimental design process.114

As a piece of example of the applications and the size of datasets,
Corminboeuf and coworkers developed a broadly applicable strategy
to derive predictive linear models for enantioselectivity using
minimal experimental screening data in catalytic systems featuring
bidentate ligands.!1? To assess the robustness of the methodology,
datasets were assembled and analysed spanning four distinct
reaction families, encompassing 100 bidentate ligands distributed
across seven structural classes. These were further complemented
by the BDL-Cu-2023 dataset to enable extended ligand optimization.
The protocol identified the most informative linear relationships by
integrating electronic and steric descriptors together with
topological parameters extracted through Bayesian ridge regression
(BRR). When combined with Bayesian optimization (BO), this
framework permits efficient ligand exploration even under data-
scarce conditions. This integration facilitates the identification of
mechanistic trends and supports the rational proposal of new ligand
candidates, as the  oxy-alkynylation
transformation. This methodology provided a practical and scalable

demonstrated  for

tool for ligand selection and refinement throughout the

experimental process, thereby accelerating and streamlining the
development of enantioselective catalytic reactions. On the other

This journal is © The Royal Society of Chemistry 20xx
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hand, in 2026, Martinez and coworkers through ”\‘/%W%gélé/éﬁ%g
database gathered up to 768 curated RU-¢at@i\zeEdDethenoysis
reactions to enable reproducible benchmarking and machine
learning analysis. Using ROBERT,15 predictive models for TON and
selectivity showed robust performance, highlighting Ru atomic

charge and d-orbital character as key descriptors.

In the domain of reaction discovery and mechanistic insight, ML is
increasingly capable of generating new chemical knowledge.116:117.118
Mechanistic understanding has traditionally relied on foundational
kinetic frameworks, such as Reaction Progress Kinetic Analysis
(RPKA), which utilizes in situ monitoring to extract substantial
information from a minimal number of experiments,11° and Variable
Time Normalization Analysis (VTNA), which allows for the visual
determination of reaction orders through simple graphical
overlays.120

Building upon these mechanistic foundations, modern approaches
now link experimental kinetics with data-driven workflows. For
instance, Sigman and  colleagues demonstrated how
multidimensional correlations of physical organic descriptors can link
mechanism directly to selectivity, providing a predictive framework
for catalyst optimization.12! More recently, these efforts have
culminated in fully integrated computational and data-enabled
platforms, such as those used to elucidate complex organometallic
mechanisms by combining DFT-derived data with ML-driven

analysis.122

Mechanistic inference models aim to identify plausible reaction
pathways or intermediates,?* while selectivity prediction models
address and site-selectivity in

regio-, complex

transformations.’?* ML also plays a role in catalyst and ligand

stereo-,

design,?5 often using descriptor-based models or deep generative
approaches such as variational autoencoders and genetic algorithms.
For example, the ELECTRO model infers mechanistic steps by
modelling electron flow in polar reactions, offering a data-driven
alternative to traditional mechanistic reasoning.126

Clustering algorithms enhance machine learning applications in
chemistry by enabling efficient navigation of vast chemical spaces.
These methods group similar molecules or reactions based on
structural or property descriptors, reducing computational demands
and prioritizing promising candidates for synthesis or screening. For
instance, hierarchical clustering has been applied to identify diverse
ligand sets for

C-H functionalization catalysts, streamlining

exploration of reactivity patterns.’2?” In chemical reaction
optimization, clustering facilitates scalable analysis of reaction
outcomes across large datasets. Recent work demonstrates density-
based clustering to partition reaction spaces by yield and selectivity,

guiding efficient iterative experimentation.128

Despite these advances, it is crucial to emphasize that predictive
chemistry via ML is not yet a turnkey solution. Many models are
limited by the scope and quality of available data, and their
generalizability across chemical space remains a challenge.
Continued progress will depend on improved data curation, model

interpretability, and integration with experimental workflows.
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Conclusions

The optimization of chemical reactions has evolved from
intuition-driven experimentation to data-rich, predictive
science. Traditional approaches such as OFAT, while historically
valuable, are increasingly supplanted by statistically grounded
methodologies like DoE that maximize information gain and
reproducibility. When coupled with computational chemistry,
these approaches extend beyond empirical optimization to
mechanistic understanding, enabling the rationalization of
selectivity and catalytic efficiency at the molecular level.

The integration of ML further expands this paradigm by
providing models capable of predicting reactivity, selectivity,
and scope across diverse chemical spaces. However, the
effectiveness of these models depends critically on the quality
and diversity of training data, as well as their interpretability
and connection to chemical theory. The future of reaction
optimization lies in the synergistic convergence of experiments,
computation, and ML, forming a closed feedback loop where
theory guides experimentation, data refine models, and models
accelerate discovery.

Achieving this vision will require closer collaboration across
disciplines, from chemists and data scientists to engineers and
theoreticians, and continued development of standardized,
open-access datasets. As predictive chemistry matures, it will
enable not only more efficient and sustainable processes but
also a deeper,
reactivity itself.
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