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ABSTRACT: Computational chemistry has become a fundamental part of the
understanding and optimization of catalytic processes. Among these, the character-
ization of homogeneous organometallic catalysts, combining an active transition
metal atom and set of ligands, is one of the main fields of application of these kinds of
studies. More recently, microkinetic studies have been employed to bridge the gap
between experimental measurements such as conversion or selectivity and the Gibbs
free energies gathered by computations. In this work, we have developed an
automated framework (MicroKatc) for microkinetic analysis, to tackle the yet
understudied effect of ligand exchange processes that modify the nature of the catalytic scaffold in situ. We report the application of
such a framework to the rhodium-catalyzed hydroformylation of ethylene, confirming the acceleration of the reaction as
trimethylphosphine (PMe3) displaces the carbonyl ligands in the catalyst by means of simulations at variable phosphine
concentrations, as well as the determination of the degree of rate control (DRC) and apparent activation energies throughout the
catalytic process.
KEYWORDS: microkinetic modeling, hydroformylation, homogeneous catalysis, DFT, reaction network, catalytic cycles

■ INTRODUCTION
Computational chemistry has become an essential tool for the
study of catalytic processes, both in the homogeneous1−10 and
heterogeneous11−15 phases. The characterization of reaction
mechanisms by means of Density Functional Theory (DFT)
enables a deeper understanding of how these complex
processes actually take place with the goal of eventually fine-
tuning and optimizing the catalyst. The traditional approach to
such studies regarded the direct inspection of the energy
profiles associated with the catalytic process, identifying the
global thermodynamic and kinetic trends associated with the
mechanism. However, the wide availability of more powerful
computers has deeply increased the degree of detail in which
these chemical processes are described and thus their
subsequent complexity. In this sense, mechanism elucidation
produces Chemical Reaction Networks (CRNs) that can be
strongly interconnected and therefore cannot be summarized
as linear free energy profiles. This is even more relevant under
the framework of automated mechanism discovery algo-
rithms,16−22 whose size and interconnectivity tend to be
even larger. Then, it becomes essential to employ tools that
consider the complete picture of the complex CRN to extract
chemical information. As a first example, we may consider the
well-known energy span model (ESM) from Kozuch and co-
workers,23,24 which was reformulated25 and reimplemented26

to handle these kinds of reaction networks. Moreover, the use
of microkinetic modeling, which once was mostly oriented to
heterogeneous catalysis,27−30 has now become more of a
standard tool for homogeneous systems.31−37

Putting the focus on homogeneous catalysis, an essential
feature of this kind of system is the importance of the ligands

that bind to the metal center. Even when these ligands are not
directly involved in the reaction, their role on tuning the
electronic and steric properties of the complex marks the
efficacy and selectivity of the catalyzed reaction.38−41 While it
is common to evaluate the effect of different ligands in the
reactivity of a complex, both experimentally42−44 and
computationally,45−49 it is not as usual to explore how in situ
ligand exchange (e.g., by addition of a competitive ligand) may
affect the performance of the system. Nonetheless, taking into
account this ligand exchange implies the characterization of
connected catalytic cycles bearing one or the other ligand
(Figure 1), whose analysis is far from trivial. In this toy
example, a catalytic system with the net reaction A + B → C is
illustrated, with ligands Lx and Ly being exchanged.
Initially, we aimed to apply the CRN-based energy span

model (ESM) to explore such systems, employing our
previously reported implementation: gTOFfee.26,50 However,
the ESM encounters important issues when dealing with this
specific kind of connected catalytic cycle, which prevented us
from proceeding with this approach. Specifically, in situations
like the one showcased in Figure 1, it is key to properly control
the individual concentrations of the catalyst-bearing species in
all the possible forms of the catalyst (here, X and Y), which
depend on the initial amount of Lx and Ly ligands in the
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medium. As concentration effects in the ESM are based on the
semi-standard state approximation that does not consider the
individual concentrations of the catalyst-bearing species, this
bifurcation cannot be properly treated.
Therefore, we resorted to microkinetic modeling, which

explicitly handles all concentrations in the system. These
simulations provide an ideal platform to study this kind of
system, enabling one to tweak the initial concentrations of
both the catalyst and competing ligands to gather the complete
picture.

■ METHODOLOGY
To properly explore the influence of ligand exchange processes
on the overall activity of catalytic systems, it is essential to
automate the generation and resolution of these models.
Several automation drivers have been reported in the literature
although with a focus on heterogeneous catalysis, such as
CaRMeN51 or AMUSE.52

To do that, we developed a new automation platform,
named MicroKatc, which streamlines not only the setup but
also the analysis of the numerous results that are generated.
The very first step of the procedure (Figure 2) is the DFT

characterization of the Gibbs free energies of the target

reaction mechanism with external QM software, defining all
possible species and chemical reactions. It is worth noting that,
for the case of processes considered as barrierless (i.e., not
having an associated transition state), they should be
considered as diffusion-controlled.31 Once all species have
been characterized, the corresponding output files must be
collected and passed to MicroKatc. Afterward, the reference
state employed to compute the thermochemical parameters
should be corrected: while QM calculations most often
consider a reference state of 298.15 K and 1 atm (gas
phase), proper microkinetic simulations in solution require a

1.0 M reference state, as well as the consideration of the actual
working temperature. To do this, the thermochange53 package
was interfaced with MicroKatc. This utility handles the parsing
of the output files, currently supporting Gaussian (as employed
in the working example) and ADF, as well as the recalculation
of the corresponding partition functions and thermodynamic
potentials. In this way, MicroKatc extracts and corrects the
energetic information automatically from the raw output files.
Nonetheless, it is also possible to bypass this parsing step and
employ a CSV file containing the names and free energies of all
of the involved molecules.
The other main piece of input required by the program is

the definition of the chemical reactions that interlink the
corresponding species to set up the microkinetic model. This
information is supplied as a plain text file, where each reaction
is defined as a string of the form A + B = C for the reversible
reaction A + B ⇄ C. For irreversible reactions, the “->” symbol
might be used instead of the equal sign. As a solver, we have
employed COPASI.54 To simplify the integration with
computational chemistry results, we have developed the
copasi-helper package.55 From the aforementioned list of
reaction definitions and the energies extracted from the
outputs, MicroKatc computes the direct and reverse barriers
for all reactions to determine the rate constants, completing
the setup of the model as a system of differential equations that
COPASI can solve.
From here, several possible variations on the target

microkinetic model can be produced and analyzed. First and
foremost, the comparison of the catalytic performance of
models with varying initial concentrations of the ligand whose
exchange is under study is streamlined by running the already
defined models under different sets of initial parameters.
Moreover, it is also possible to set up simulations in a range of
temperatures, enabling the study of apparent activation
energies (Eaapp) through an Arrhenius-like rate law. At these
varying temperatures, MicroKatc automatically recomputes
Gibbs free energies and rate constants and performs the
microkinetic simulation. Then, parameters of choice, such as
reaction rates, can be extracted and plotted.
Other major feature of the code is the systematic

perturbation of the reaction barriers to determine the degree
of rate control (DRC)56 of all elementary reactions in the
mechanism. For each reaction in the system, the direct and
reverse barriers are modified by a fixed amount, determining
how strongly the reaction rate is affected by this perturbation.
Again, MicroKatc streamlines the automated application of this
procedure not only to a fixed set of initial conditions but also
to explore variations upon them: for instance, as studied in this
work, a range of initial ligand concentrations.
Throughout these tools, which have been scarcely applied to

homogeneous catalysis, it is possible to gather deep insights
into the studied systems with minimal user effort. In the
following section, we will discuss the very well-known Rh-
catalyzed hydroformylation reaction, with CO and PMe3 as
ligands, as a test example for our new simulation platform.
Application. Hydroformylation is, to our knowledge, the

most relevant industrial application of homogeneous transition
metal-catalyzed57−60 chemical processes. Consequently, there
is a large interest in the optimization of its performance, a goal
for which a profound mechanistic understanding of how the
process occurs at the microscopic level is essential.61,62 While
the nature of the metal center (with rhodium and cobalt being
the most common ones) is paramount, the importance of the

Figure 1. Schematic depiction of ligand-exchange-connected catalytic
cycles X and Y.

Figure 2. Basic workflow of MicroKatc.
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ligands in modulating the reactivity of the complex cannot be
underestimated. Herein, as a foundational study, we decided to
select an Rh-based complex with two of the simplest ligands:
carbonyl and trimethylphosphine. In this way, we were able to
focus on determining the influence of ligand exchange
processes in catalytic performance, considering the catalytic
cycles with zero (0L) and one (1L) phosphine ligands in the
rhodium carbonyl hydride catalyst. While further substitution
might be possible (2L and 3L analogues), we considered the
simplified system to limit the computational cost, as the
number of reactions and therefore the complexity of the
underlying microkinetic simulations will skyrocket for the full
picture. Nonetheless, it shall be noted that the use of this
model system limits us from direct comparison with
experimental data, which are not directly available. We
characterized the reaction mechanism starting from the
proposal from Sparta and co-workers,63 with the further
consideration of the cis/trans isomerism arising in the
monosubstituted catalyst (1L), depending on the relative
positions of the hydrogen atom and phosphine ligand.
As depicted in Figure 3, we considered the exchange to

happen via the active catalytic species I2-0L capturing PMe3 to
form I1-1L, which then leads to the also active I2c-1L by
releasing CO. In this framework, we regarded the axial�
equatorial ligand repositioning happening in I1 bipyramidal
derivatives via Berry pseudorrotation to be fast, as stated in the
literature.64

From this mechanistic proposal, we defined the correspond-
ing set of chemical reactions, their reaction energies, and
corresponding Gibbs free energy barriers, considering 350 K as
the working temperature and a 1.0 M reference state for all
species in the reaction network. Although this temperature is
above the boiling point of PMe3 and thus will not be feasible

on an experimental setup, it provides a fast enough reaction to
explore the behavior of our model system: as aforementioned,
direct comparison with experimental results would require to
test alternative, more complex ligands. All barrierless processes
were assumed to be diffusion-controlled,31 with a constant
barrier of 4.0 kcal mol−1. From there, we set up initial
concentrations for all reactants and for the catalyst: [H2] =
[CO] = [C2H4] = 0.05 M and [Rh] = 5 × 10−4 M. To explore
the influence of the phosphine additive, we tested a range of
values from 0 to 1.0 M (considering a logarithmic scale starting
at log[PMe3] = −10) and ran simulations of 105 s (≈28 h).
Figure 4 showcases the crucial effect that ligand exchange

has on the efficacy of the overall hydroformylation process.
When more phosphine is available, as expected, the 1L cycle is
activated, becoming the main form of the catalyst at [PMe3] ≥
1 × 10−3 M. A deeper exploration of the specific catalyst states
is shown in the Supporting Information (Figure S3).
Throughout this process, the reaction becomes much faster,
with the time spent until reaching a 99% conversion lowering
from approximately 6 h (with the “pure” 0L cycle, in the left
part of the plot) to around only 1.5 h. The transition region is
particularly interesting, highlighting how in the range 10−4 M
≤ [PMe3] ≤ 10−2 M both cycles are operative, and therefore,
the net process starts becoming more efficient even with the
catalyst not yet being completely transformed.
At this point, we aimed to gain deeper insight into how the

reactivity switch from the 0L to the 1L cycle was taking place.
To this end, we analyzed the degree of rate control (DRC) of
all reactions in the network across our range of initial PMe3
concentration values, determining how the rate-determining
step changed throughout the process. To compute the DRC,
we considered a simple finite difference approach,65,66 applying

Figure 3. Chemical reaction network for hydroformylation (ΔG0 = −25.9 kcal mol−1) with the Rh-carbonyl complex (0L, left) and the
monosubstituted trimethylphosphine derivative (1L, right). In burgundy, relative Gibbs free energies were at 350.0 K and 1.0 M, with I1-1L as a
reference.
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0.01 kcal mol−1 perturbations to all barriers and computing the
rates for aldehyde formation:

= k
r

r
k

k
r

r
k

DRCi
i i

i

i

i

where ki is the rate constant for the i-th reaction, r is the overall
reaction rate (aldehyde formation), and Δr and Δki are the
computed differences in the overall rate and the rate constant,
respectively, after the perturbation is applied to the i-th
reaction.
To ensure reaction rates to be stable, we set up a low

concentration of catalyst [Rh] = 10−6 M and a shorter
simulation time (104 s) for these runs, where we consider a
differential reactor (very low conversion regime) to ensure the
consistency of reaction rates (ref 52).
From Figure 5, we clearly observe the switch between the 0L

cycle governed by the formation of aldehyde (I8 − 0L ⇌ I9 −
0L) and the 1L one, where the rate-determining step is the
insertion of ethylene (I3 − 1L ⇌ I4 − 1L). In the transition
region, the equivalent ethylene insertion/β-hydride elimination
(I3 − 0L ⇌ I4 − 0L) has a negative DRC, implying that it is
hindering global product formation. As this process is the rate-
determining step of the 0L cycle and that at this concentration
of phosphine both cycles are coexisting, this reaction is
blocking the more productive catalytic cycle 1L and trapping
the catalyst, making aldehyde production less effective.
Furthermore, we can also inspect the apparent activation

energies of these reactions, considering simulations in a range of
temperatures (for instance from 325.0 to 375.0 K) and an
Arrhenius-like law, extracting an apparent activation energy
Ea
appfrom the slope.

= · +r
E

R T
Aln

1
lna

app

where r is the rate constant and A is the pre-exponential rate
from Arrhenius’ law. Figure 6 shows an upward trend in both

activation energies: the presence of larger quantities of
phosphine (from around 1.0 × 10−4 M, 2 orders of magnitude
above the catalyst concentration) hampers the overall kinetics
of both processes. Nonetheless, the switch from the less
favored 0L cycle to the 1L cycle implies a net acceleration of
the underlying process, as observed in Figure 4. Moreover, the
poisoning effect of ethylene insertion in 0L, from the DRCs in
Figure 5, also influences the reactivity in the transition region,
dampening the acceleration of the reaction. Looking at the net
rate for product formation and in line with these findings, we
observe a net decrease of the activation barrier from 23.5 to
around 22.0 kcal mol−1 as the concentration of phosphine
increases: the formation of the aldehyde clearly switches from
being driven by the 0L cycle, matching the apparent activation
energy of this subsystem, to do the same for the 1L cycle. The
0.5 kcal mol−1 gap arising between the minimum Ea at [PMe3]
= 1.0 · 10−3 M and the pure 1L-operating situation at larger
phosphine concentrations might be related to the increase of
activation energies for the rate-determining steps showcased in

Figure 4. Catalyst distribution at t = 1h (above) and time required to
reach a 99% ethylene conversion (below). X-axis is the initial
concentration of phosphine, on a logarithmic scale.

Figure 5. Degree of rate control (DRC) against the initial phosphine
concentration (X-axis) for the most influential processes in the
reaction network.

Figure 6. Apparent activation energies of rate-determining steps of 0L
(blue, circles) and 1L (orange, circles) cycles, as well as for the net
formation of propenal (pink, triangles) in kcal mol−1, against initial
phosphine concentration (X-axis).
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Figure 6. Nevertheless, this small shift does not affect the
longer-time scale reactivity observed with larger catalyst
concentrations, as previously discussed for Figure 4.
All in all, our approach provides an in-depth explanation of

the catalytic activity of Rh-based catalysts for hydroformyla-
tion. Both the long- and short-time scale results agree with the
expected behavior of this widely studied system: the increased
efficacy of the phosphine-substituted analogue against the Rh-
carbonyl complex. Moreover, we identify several specific
aspects that are also known to happen in hydroformylation
processes, such as the appearance of the bipyramidal I1-1L
intermediate as a resting state or how the presence of
phosphine stabilizes the catalyst and limits the extent of self-
poisoning by excess CO (formation of I7).

■ CONCLUSIONS AND OUTLOOK
In this work, we introduce MicroKatc, a new automated
platform to perform in-depth analysis of complex reaction
networks and catalytic cycles using microkinetic simulations.
Through this tool, we simplify the setup of the simulations
from computational results (Gibbs free energies and
mechanism definitions), streamlining the production of
simulations in ranges of temperatures or initial concentrations
of ligands and catalyst. Additionally, we provide tools to easily
explore the degree of rate control or the apparent activation
energy. We believe that these are valuable tools in computa-
tional catalysis that have been underutilized in the homoge-
neous realm.
Regarding the case study on hydroformylation, we provide

novel insights into the reactivity switch happening upon the
addition of a ligand (trimethylphosphine) to a Rh-carbonyl
catalyst. Our findings demonstrate the increased efficacy of the
phosphine-bearing catalytic cycle 1L, its degree of formation,
as well as the rate-determining steps in the intricate reaction
mechanism. Consequently, together with the development of
MicroKatc, this study paves the way for future extensions
where, for instance, different ligands might be compared.
Computational Details. All DFT calculations were carried

out with Gaussian1667 (revision A.03) with the ωB97X-D68
functional and a def2-TZVP69,70 basis set, using the SDD71,72

pseudopotential for Rh atoms and the SMD implicit solvent
model73 with parameters for toluene. All species were
characterized with unconstrained geometry optimizations,
and harmonic frequency analysis was used to determine the
nature of the minima and transition states. All calculations are
available as a data set collection in the ioChem-BD74 platform
and can be accessed through the following link: doi.org/
10.19061/iochem-bd-1-345.
Regarding microkinetic simulations, the LSODA determin-

istic solver was employed in all cases, with tolerances of 10−14

(relative) and 10−16 (absolute) to ensure numeric stability.
Gibbs free energies were computed at the corresponding
working temperatures (350.0 K, except for the apparent
activation energy analysis where the whole range was used),
assuming a 1.0 M standard state. The MicroKatc source code is
available in a GitHub repository,75 as well as a release in
Zenodo (DOI: 10.5281/zenodo.14881305).
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