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Computational homogeneous catalysis has focused traditionally on the calculation
of free energy barriers, which are ultimately related to rate constants. Experiments
do not focus on rate constants, but on reaction rates, which depend also on concen-
trations. The increasing efficiency of DFT and other electronic structure techniques
has led to the development of models that provide quite accurate rate constants, to
the extent that improved agreement with experiment requires the introduction of
the role of concentration. Microkinetic modeling, consisting in the construction of
explicit kinetic reaction networks merging the rate constants provided by calcula-
tion and concentration data supplied by experiment, is a simple and elegant way to
introduce concentration effects in the computational description of homogeneous
catalysis. It has a long history of application in computational heterogeneous catal-
ysis and experimental biochemistry, but its use in computational homogeneous
catalysis is still in an early stage. There are a number of situations in homogeneous
catalysis where microkinetics have been shown to be critical, such as systems with
complex reaction networks and systems where one key species has a concentration
orders of magnitude different from the others. Microkinetic modeling, with its low
computational cost, is likely to become a standard tool in computational homoge-
neous catalysis. It is certainly not necessary for all theoretical studies, but the
researcher should always be aware of its existence.
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1 | INTRODUCTION

Computational homogeneous catalysis is nowadays a mature field, as proved by the routine application of calculations to the
achievement of a mechanistic understandings of many processes (Sameera & Maseras, 2012; Santoro, Kalek, Huang, & Himo,
2016; Sperger, Fisher, & Schoenebeck, 2016; Thiel, 2014). The main challenge for the computational chemist is often the
characterization of a mechanism through the geometry optimization of intermediates and transition states. Afterward, most of
the practical interpretations rely on the direct analysis of the free energy profiles. Barriers below 20 kcal/mol are considered
synonymous with fast processes at room temperature, and values up to 30 kcal/mol have been deemed acceptable for reactions
under heating. Comparison between the barriers for competing processes leads to estimation of selectivity ratios, where the
case for enantioselective processes has been particularly successful (Balcells & Maseras, 2007; Hopmann, 2015).

Experiments do not measure directly free energy differences but the evolution of concentrations through time. These are
ruled of course by chemical kinetics, where free energy differences, directly connected to rate constants, play indeed a key
role. But this role is not exclusive, as concentrations are also important. This can be illustrated very easily with a simple
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example: two competing second-order processes R0 + R1 ! P1 and R0 + R2 ! P2 taking place in solution. Their kinetic
equations are d[P1]/dt = k1[R0][R1] and d[P2]/dt = k2[R0][R2]. The rate of each reaction will depend on the corresponding
reaction rate constant (k1 or k2) but also on the concentration of the involved reactants ([R1] or [R2]). If the concentrations are
similar the constants will decide it. But if they are not, and k1 ’ k2, concentration effects will rule the selectivity. And concen-
tration effects are conspicuously absent from standard free energy profiles.

A simple and elegant method for the introduction of concentration effects in the description provided by the free energy
profiles is the use of microkinetic models. The basis of microkinetic modeling is fairly simple. A reaction network has to be
built with all relevant elementary steps, and a reaction rate has to be assigned to each of them. This defines a system of differ-
ential equations, which can be solved numerically by using the initial concentrations of all the compounds as starting condi-
tions. The microkinetic model will then provide an evolution of the concentration of each of the species through time, which
is precisely what most experiments measure. The procedure has a moderate computational cost in most practical cases, as very
simple arithmetic operations are involved. The use of microkinetic modeling is widespread in computational heterogeneous
catalysis (Bligaard et al., 2004; Dumesic, Rudd, Aparicio, Rekoske, & Treviño, 1993; Mao, Wang, & Hu, 2017) and experi-
mental biology (Herrgard et al., 2008; Slusarczyk, Lin, & Weiss, 2012; Trinh, Wlaschin, & Srienc, 2009). It has also been
used in experimental homogeneous catalysis to test postulated mechanisms against experimental observations (Chmely et al.,
2013; Colby, Bergman, & Ellman, 2008; Diao & Stahl, 2011; Miranda et al., 2013).

The use of microkinetic models has been so far rather scarce in computational homogeneous catalysis, but some relevant
examples have been published. They were applied by Harvey and coworkers to a cobalt-catalyzed alkene hydroformylation
(Rush, Pringle, & Harvey, 2014) and by Clot and coworkers to the activation of C H bonds by palladium catalysts
(Kefalidis, Davi, Holstein, Clot, & Baudoin, 2014). Aullón et al. (2015) used microkinetic models in the study on the competi-
tive formation of different platinacycles. More recently, Jover (2017) applied them in the copper-mediated pentafluoroethyla-
tion of benzoic acid chlorides, Kalek and Himo (2017) in a cooperative process involving Meyer–Schuster rearrangement and
Tsuji–Trost allylic substitution, Jaraíz et al. (2017) in the catalytic opening of epoxides by titanocene and Wei, Roisnel, Dar-
cel, Clot, and Sortais (2017) in the hydrogenation of carbonyl derivatives by Rh catalysts. We have also experience in our
group in the application of microkinetic modeling of computational homogeneous catalysis. We have used this treatment for
the acceleration of the 1,3-dipolar cycloaddition inside cucurbit[6]uril (Goehry, Besora, & Maseras, 2015), in a photo-initiated

aromatic perfluoroalkylation (Fernández-�Alvarez, Nappi, Melchiorre, & Maseras, 2015), in the reaction of aryl halides with
Ni-catalysts (Funes-Ardoiz, Nelson, & Maseras, 2017), and in a Pd-catalyzed decarboxylative C C bond formation (Guo,
Kuniyil, Gómez, Maseras, & Kleij, 2018).

The current review presents the results of the application of microkinetic modeling to a selected set of examples in compu-
tational homogeneous catalysis. The focus is placed on cases where numerical integration is applied to the rate equations in
the reaction network obtained from calculation. Other approaches to microkinetic modeling, such as the use of the steady-state
approximation are also possible. Most of the examples reported are taken from our work, and they have been chosen to high-
light the contributions of microkinetic modeling to the chemical understanding of the processes, with the hope of extending its
use in our research community.

We are aware that there are other valuable approaches to complement or refine the information extracted from free energy
profiles, but they are beyond the scope of the current review. This is the case of standard state corrections from ideal gas to
other conditions (typically 1 Molar), or the possible modifications to entropic corrections in the calculation of free energies in
solution (Besora, Vidossich, Lledós, Ujaque, & Maseras, 2018). Microkinetic modeling is not directly connected either to
refinements to transition state theory (TST) where the energy distribution between normal modes is not standard (Carpenter,
Harvey, & Orr-Ewing, 2016; Fructos et al., 2017). The energy span model (Kozuch & Shaik, 2011) is on the other hand a
treatment for catalytic processes that can be applied in cases where microkinetic modeling is not necessary. There is finally
current research on methods for the automated generation of reaction networks (Dewyer, Arguelles, & Zimmerman, 2018;
Martinez-Nuñez, 2015; Sameera, Maeda, & Morokuma, 2016) or extraction of information from their analysis (Kim, Kim,
Kim, & Kim, 2018) that is not discussed here either.

2 | THE BASICS

2.1 | From ΔG‡ to k

Kinetic experiments measure the change in concentrations with time, and from there, they obtain reaction rates. The macro-
scopic expression for the rate of a reaction naA + nbB Ð ncC + ndD is an expression of the form shown in Equation (1):
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Care must be taken not to confuse equilibrium constant expressions with rate law expressions, although they are related as
stated in Equation (2), where ΔG = ΔG‡

forward − ΔG‡
reverse:

Keq =
C½ �nc D½ �nd
A½ �na B½ �nb =

kforward
kreverse

= exp
−ΔG
RT

� �
ð2Þ

The natural magnitude for computational kinetics is ΔG‡, the free energy barrier measured as the energy difference
between an intermediate and a transition state. Luckily, the relationship between ΔG‡ and rate constant within the TST has
been known since the 1930s, and is defined by the Eyring–Polanyi equation, see Equation (3) (Eyring, 1935):

k=
κkBT
h

exp
−ΔG‡

RT

� �
ð3Þ

where k is the reaction rate constant, κ is the transmission factor, kB is the Boltzmann's constant, T is the temperature, h is the
Planck's constant, ΔG‡ is the activation free energy, and R is the ideal gas constant. The transmission factor κ is assumed to be
1 in most practical cases in homogeneous catalysis. The reaction rate has dimensions of concentration per unit of time, the
dimensions of k depend thus on the exponents of the concentration terms in the rate law, the reaction order. It follows thus
that, for reactions with order different from 0, the specific value of the rate constant will depend on the reference state.
Another nuance is that taking a different species as origin of energies, the ΔG‡ will change, will change the reaction equation
and so the reaction rate constant. It is important to notice that if the definitions are consistent, identical concentration evolu-
tions can be reached from different reference states or origins of energies.

2.2 | From k to microkinetic model

The large majority of processes in homogeneous catalysis involve multiple steps. These may include off-cycle formation of
the catalyst from a pre-catalyst, formation of adducts between the reactants, catalyst deactivation processes, interactions
between the reactants, reactive steps where bonds are formed and broken, isomerizations, etc. Each of the steps has a reaction
rate constant and contributes with more or lesser extend to the kinetics of the process. The kinetic model puts all these pro-
cesses together.

We will see with a generic example how a microkinetic model would work for a simple catalytic process. In Figure 1 we
have set a simple catalytic cycle. The catalyst reacts with react1 to form adduct INT1, INT1 incorporates react2 to form INT2,
which evolves to intermediate INT3. INT3 then releases the product prod and recovers the catalyst.

Once all chemical equations are written down as depicted in Figure 1, the kinetic equations can be formulated, as shown
in Figure 2. The idea here is to take into account all the processes leading to the formation or consumption of each single spe-
cies in the system. All forward and reverse chemical equations have to be considered. This defines a system of differential
equations, where the rate constants can be obtained from the free energy profile by converting ΔG‡ values to rate constants
following the expression in Equation (3). The system of differential equations in Figure 2 must then be solved introducing the
initial concentrations of each species as limit conditions. This solution may be analytical (in the simpler cases) or numerical.
Other alternative resolutions are also possible and might be convenient to reproduce some experimental data such as the popu-
lar steady-state approximation. A computational code may be written for the solution, although useful software is freely avail-
able for this purpose, see Section 4 for further details. The solution of the differential equations provides the evolution of the
concentrations of all participating species over time.
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FIGURE 1 Example of catalytic cycle with corresponding chemical
equations and associated free energies for each species. Energies in
kcal/mol
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We can analyze the behavior of our generic system by looking at the plot in Figure 2. The concentration of INT1 increases
as the reaction starts, but at about 10 s decreases sharply and INT3 is formed instead. INT3 is the dominant species between
102 and 105 s. It starts decreasing after 105 s to form the final product. INT1 is formed again when react2 is fully consumed
(and the reaction finished) with the react1 in excess. There is an additional excess of 0.1 M of catalyst, which remains as such.

The qualitative behavior for the system above can certainly be predicted without the microkinetic model. The rate limiting
step is the product release from INT3, with a barrier of 25 kcal/mol (from INT3 to TS4). The magnitude of this barrier is con-
sistent with the reaction time observed in the plot for the formation of the product. Not all practical systems are so easy to pre-
dict from inspection of the free energy profile, as we will see in the following sections.

3 | CASE EXAMPLES

3.1 | Concentration effects without microkinetic modeling

Microkinetic modeling is an elegant way for the introduction of concentration effects in computational homogeneous catalysis.
Its application is relatively recent, but the importance of concentration effects had been previously recognized by several
authors, which introduced them in a variety of ways. We review here some of these applications, which may be viewed as
implicit microkinetic modeling (Jensen, Koley, Jagadeesh, & Thiel, 2005; Muñoz-Molina et al., 2011).

Cramer and coworkers observed the importance of taking into account the correct concentration of protons when studying
acid/base reactions. They designed a treatment (Kelly, Cramer, & Truhlar, 2006), which then applied to a variety of reactions
such as reduction of nitroaromatic compounds (Hartenbach et al., 2008), copper-catalyzed water oxidation (Winikoff &
Cramer, 2014), and the electrochemical reduction of dinitrotoluene (Olson, Isley, Brennan, Cramer, & Buehlmann, 2015). The
idea is to use as reference state for proton/hydronium concentration that corresponding to the real pH in the reaction. There is
thus a correction of −7.7 kcal/mol when moving from pH = 1 to pH = 7. In this way, it can be shown how prohibitive pro-
cesses in acid conditions can become feasible in basic conditions, and vice versa. This type of correction works very well for
buffered systems, but does not allow taking into account changes in the concentration along the reaction. The so-called sto-
chastic simulations by Michalak and Ziegler (2002, 2003) on the competition between propagation/branching/termination in
olefin polymerization processes can also be viewed as a variation of microkinetic modeling.

We discuss in detail here one example from our work on the activation of C H bonds by metallocarbene complexes. We
have studied throughout the years a number of these reactions, in most cases without need for microkinetic models (Besora
et al., 2015; Corro et al., 2014; Fructos et al., 2017; Gava et al., 2014). A notable exception is the competition between alkane
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FIGURE 2 Differential equations derived from the example catalytic cycle depicted in Figure 1 and initial concentrations. A graphic with the microkinetic
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activation and diazocompound destruction by a homocoupling reaction with a diazocompound (Braga et al., 2011), see
Figure 3. The diazocompounds are used in the generation of the catalyst from a precursor, and must be thus present in the
reaction media, which poses a potential problem for the efficiency of the system. The free energy barriers for both processes
were computed for two different metallocarbene complexes, one with silver and another with copper. For silver, the barrier for
alkane activation was found to be 12.5 kcal/mol, and that for diazocompound destruction was 9.2 kcal/mol. The corresponding
values for copper were 16.6 and 9.9 kcal/mol, respectively. Direct inspection of the barriers suggested diazocompound
destruction for both metals, as the energy differences between the competing transition states are well above 3 kcal/mol. This
is not the experimental observation, and the result can be explained by taking into account concentration effects. Alkane is the
solvent, thus in high concentration, and the diazocompound is in low concentration, but both compounds compete directly for
reaction with the metallocarbene in the key step shown in Figure 3. We were able to discuss this result quantitatively by using
Equation (4):

νDEST
νCAT

=
diazo½ �
alkane½ � exp −

ΔG‡
CAT−ΔG‡

DEST

RT

� �
ð4Þ

In this equation we estimate the ratio between reaction rates for the catalysis, νCAT, and diazocompound destruction,
νDEST. It has two contributions: one depends on the concentrations and the other on the free energies. For silver complexes,
the difference between the ΔG‡ for the two processes is of 3.3 kcal/mol. This means that the concentration of alkane needs to
be 263 times larger than that of diazocompound to get 50% of each product, and 2.6 × 104 times larger to achieve 99% of the
insertion product. These numbers look high, but they correspond to the experimental conditions as the diazocompound is
added in low concentrations while the alkane is used as solvent. For copper complexes, the difference in ΔG‡ is 6.7 kcal/mol,
much higher. In this case, the concentration of alkane needs to be 8.2 × 104 times larger for the two reactions to have the same
rate (50% of each product), and 8.2 × 106 times larger to reach the 99%. This result agrees also with the experimental observa-
tion of significant diazocompound destruction even with very low concentration of diazocompounds.

3.2 | Large reaction networks

Microkinetic models are very helpful in the case of extended reaction networks where the more efficient reaction path is not
obvious a priori. A representative example is supplied by our work on host–guest catalysis, in particular, on the acceleration
of a 1,3-dipolar cycloaddition inside a cucurbit[6]uril supramolecule (Goehry et al., 2015). In this system, an azide, an alkyne,
and the solvent compete for binding to the cucurbit[6]uril supramolecule. If one azide and one alkyne attach to the cucurbit[6]
uril in the appropriate orientation they can form the triazole product. The complication is that there are multiple possible inter-
mediates with fairly similar stabilities in solution and only one of them (I) leads to products, as depicted in Figure 4, left. The
identification of the most abundant species in solution, which should be the origin for free energy barriers, is far from obvious.
Microkinetic modeling was carried out to clarify the situation.

We will discuss the results of the evolution of species through time from the labels in Figure 4, right, where the free ener-
gies are also reported. The process starts with the reactants A, B and the macromolecular catalyst E. At the beginning of the
reaction, E interacts mainly with the solvent to form species O. Then after the first nanoseconds, between 10−9 and 10−3 s,
species P becomes the most relevant. It corresponds to the macromolecule containing a solvent molecule and a molecule of
azide. After 10−3 s, J, a macromolecule containing only one alkyne, is the dominant species until it is overtaken at about 4 hr
by species N, the product inside the cucurbit[6]uril. The practical free energy barrier for the reactivity of the system is thus
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FIGURE 3 Schematic representation of the competition
between alkane activation and diazocompound destruction
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BESORA AND MASERAS 5 of 13



ruled by the free energy difference from intermediate J (at −14.2 kcal/mol) to the transition state between I and N (at 6.1 kcal/
mol). A barrier of 20.3 kcal/mol corresponds to the computed time for formation of N around 4 hr.

Direct inspection of free energies could have predicted that intermediate M should be formed, as it is the lowest adduct in
the free energy surface, 2.9 kcal/mol lower than J. M corresponds to the coordination of a second alkyne molecule into J.
Why is it that M is not the dominant species? The preference of J over M is related to concentration effects. The concentration
of free alkyne in solution (3.75 × 10−3 M) is initially lower than that of the azide (1.5 × 10−2 M) and the solvent. Moreover,
as the reaction proceeds and species J is formed the concentration of free alkyne goes much lower (about 8 × 10−4 M). We
admit that these results could be deduced from a (very) careful analysis of the free energy profile, but the use of the microki-
netic modeling provides them in a fast and elegant way.

Microkinetic modeling has been also applied to another system involving cucurbiturils, although in this case without reac-
tion acceleration (Tootoonchi, Sharma, Calles, Prabhakar, & Kaifer, 2016). Also, recently we had used a similar approach to
study the reaction network of a more complicated system. A cycloaddition reaction between neutral azide and alkyne inside a
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self-assembled nanocapsule, a resorcinarene (Goehry, Besora, & Maseras, 2018). In this case, the reaction network is also very
complex and microkinetic modeling is mandatory to reproduce the chemistry observed inside the nanocapsule.

3.3 | Interconnected catalytic cycles

A different type of complexity is the presence of different catalytic cycles sharing one or several intermediates. An example of
application of microkinetic modeling to this type of processes is our study on the Pd-catalyzed decarboxylative transformation
of vinyl cyclic carbonates (Guo et al., 2018). A simplified version of the catalytic cycle is shown in Figure 5. The reaction
starts with catalyst t1 and reactant R and results in the formation of two possible products, one of monomeric nature, M2, and
another of dimeric nature, D. There is a first catalytic cycle, through intermediates t1, t3, t4, and t6 that results in the produc-
tion of aldehyde M1, which is later consumed inside the process. A second catalytic cycle is defined by intermediates t1, t3,
t4, t8, and t11. This second cycle results in the irreversible formation of product D, and has as peculiarity the incorporation of
species M1 through interaction with t4. Thus, the second catalytic cycle cannot start until at least some amount of M1 has
been generated by the first cycle. The process is further complicated by the presence of an equilibrium between intermediates
t4 and t8 that leads to the loss of aldehyde M2, which is an isomer of M1 but is sufficiently stable to exist as final product.

The presence of three interlocked catalytic cycles, sharing some intermediates and with the presence of species M1 being
produced by one cycle and consumed by another one makes the analysis of the free energy profile of the system extremely
complicated. It is very difficult to predict the approximate concentrations of the intermediates from the values of the free ener-
gies and understand the reactivity of the system. So, a microkinetic model is indeed necessary. The computational mechanism
and energies together with the microkinetic model reproduce satisfactorily the experimental results (D:M2 ratio; computa-
tional, 88:12; experimental, 90:10). Further analysis of the microkinetic model shows that the key is the equilibrium that takes
place between the boxed species in Figure 5. And the key to decide the product ratios is in the competition between the exit
channels of this equilibrium. One exit channel goes from t11 to t1 and leads to release of D. The other exit channel goes from
t4 to t6, and requires release of M2.

Another clear example of application of microkinetic models to interconnected catalytic cycles was reported by Kalek and
Himo (2017). They studied the reaction between allylic carbonates and propargylic alcohols mediated by vanadium and palla-
dium catalysts. The mechanism they propose combine five catalytic cycles involving different active species. Microkinetic
models have been also applied to other systems of similar type, albeit with less complications. Jaraíz et al. (2017) studied the
opening of epoxides by titanocene catalysts. The catalytic cycle is affected by the side reactions that deactivate the catalyst,
and also by the concentration of the additives preventing this deactivation. Jover (2017) also used this approach in the study
of the copper-catalyzed pentafluorination of benzoic acid chlorides through two different competing reaction pathways.

3.4 | Key species present in very low concentration

Inspection of free energies is sufficient for the interpretation of a chemical process when species in kinetically relevant reac-
tion steps are in similar concentrations, within one order of magnitude. But concentration effects have to be taken into account
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when the difference in concentrations is larger than that. Because of this, microkinetic modeling is especially convenient when
one of the key species is in very low concentration. This case is not at all unusual. The species resulting from excitation in
photochemical reactions are in very low concentrations, as hydronium or hydroxyl ions in some acid–base reactions. Concen-
trations are also low for gases in solution, and they can be kept low by slow addition of one of the reactants in specific cases.

We discuss here an example of a photochemical reaction where microkinetic modeling plays a key role for the correct
reproduction of the experimental results. The studied mechanism is the metal-free aromatic perfluoroalkylation of α-cyano
arylacetates, that is photoinitiated by the irradiation of I-CF2R (R = C2F5) under a fluorescent light in the presence of a base.

The DFT mechanistic study resulted in the postulation of the reaction mechanism presented in Figure 6 (Fernández-�Alvarez
et al., 2015). The reaction starts by the deprotonation of the α-cyano arylacetate by the base. This anionic [C(Ph)(CN)
(COOEt)]− species, path A, can interact with I-CF2R to form an adduct that can be activated by a photon. Photoexcitation of
this results in three species: the I− anion and two radicals, CF2R˙ and C(Ph)(CN)(COOEt)˙. The CF2R˙ radical can follow two
different paths. One of them is a propagation pathway by reacting with a new molecule of the initial anion [C(Ph)(CN)
(COOEt)]−, which will lead to release of product and regeneration of the radical. The alternative is the termination path,
through reaction with C(Ph)(CN)(COOEt)˙. Interestingly, the propagation/termination dichotomy can be experimentally moni-
tored by measurement of the quantum yield, the number of product molecules obtained per photon absorbed. The observed
quantum yield is 4, which requires propagation to be competitive.

The computational study shows that the rate constant for propagation, kprop (barrier-less in potential energy, diffusion-con-
trolled), is much lower than that for termination, kterm (ΔG‡ = 11.2 kcal/mol). But reaction rates depend also on concentra-
tions, the propagation rate is equal to kprop[CF2R˙][C(Ph)(CN)(COOEt)

−], and the termination rate is equal to kterm[CF2R˙][C
(Ph)(CN)(COOEt)˙] product. The concentration of [C(Ph)(CN)(COOEt)]− is much larger than that of the photochemically
generated C(Ph)(CN)(COOEt)˙. Introduction of the data in a microkinetic model takes into account properly the differences,
and produces results in agreement with the experimental observation.

Another example that combines complex catalytic cycles and small concentration effects was reported by Harvey and
coworkers (Rush et al., 2014). They studied a cobalt-catalyzed hydroformylation and found that the turnover was limited by
the addition of the alkene to the active species. This step does not have a potential energy barrier but as the concentration of
active species is very low (most of the cobalt is in form of unreactive dimer), the process is very slow. They also carried out
simulations to rationalize the effect of the pressure of CO and H2 on the reaction outcome. The study of Clot and coworkers
on the Pd-catalyzed activation of intramolecular C H bonds (Kefalidis et al., 2014) is also relevant. The authors studied the
selectivity for the formation of benzocylobutene or olefin formation. Computational barriers alone postulate preference for the
formation of benzocyclobutene products, but a microkinetic model is used to rationalize the experimental outcome. The key is
in the dissociation of HCO−

3 formed after the C H activation step. They performed simulations at different dissociation rates,
showing their crucial effect in the reaction selectivity. In other words, the concentration of the intermediate HCO−

3 present
along the reaction affects the reaction outcome. More recently, Clot and coworkers revealed the effect of the acetophenone/H2

ratio in the hydrogenation of carbonyl derivatives with rhenium catalysts (Wei et al., 2017).

3.5 | Key species present in very high concentration

The counterpart to those described in the previous section is the case where one of the key species, usually the solvent acting
as a reactant, is in a much higher concentration than the rest. We present here an example of this situation on a study on the
reaction of aryl halides with the nickel complex [Ni(PMenPh[3 − n])4]. The system shows competition of two reactions: halide
abstraction and oxidative addition (Funes-Ardoiz et al., 2017). The mechanism for these two processes is presented in
Figure 7. For PR3 = PMe3, the barriers for the oxidative addition were computed to be 14.9, 15.0, and 16.2 kcal/mol for PhCl,
PhBr, and PhI, respectively, while for the halogen abstraction they were found to be 21.4, 16.3, and 10.0 kcal/mol for PhCl,
PhBr, and PhI, respectively. Inspection of these barriers indicates that for PhCl, the oxidative addition should be largely
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preferred over the halogen abstraction, for PhI on the contrary the halogen abstraction has a much lower barrier. PhBr is in
between with barriers differing only in 1.3 kcal/mol. Application of a Boltzmann distribution of products connected to the
computed barriers would predict a computational selectivity of 0:100 for PhCl, 10:90 for PhBr, and 100:0 for PhI. However,
the experimental values for this reaction do not fully agree, with values of 0:100, 19:81, and 80:20, respectively. In particular,
the 80:20 selectivity for PhI is clearly at odds with a difference in energy barrier of 6.2 kcal/mol. The reason of the discrepan-
cies is based on the behavior of the phenyl radical generated by the halogen abstraction. As it can be seen in Figure 7, this phe-
nyl radical may still lead to the Ni(II) product of oxidative addition by association with the Ni(I) complex. The only way for
the Ni(I) radical complex to remain in the media is that the phenyl radical reacts irreversibly with a solvent molecule. So the
competition between the two reactions of Ph˙ (purple and orange in Figure 7) becomes critical for the overall selectivity. The
reaction with toluene has a barrier of 10.6 kcal/mol, while the reaction with [NiX(PMe3)2]˙ is barrier-less, and is thus
diffusion-controlled. This would suggest exclusive formation of the Ni(II) product, but the microkinetic modeling is able to
account for the large difference in concentrations between toluene and the Ni(I) complexes, leading to a satisfactory reproduc-
tion of the experimental results. The final predicted values are 0:100 for PhCl, 8:92 for PhBr, and 83:17 for PhI.

3.6 | Unimolecular versus bimolecular steps

A less obvious example of counterintuitive chemoselectivity is supplied by the cases where the competition is between unimo-
lecular and bimolecular steps. We have not found any clear example of this behavior, so we will present it with the generic
example outlined in Figure 8. Two products can be formed through two catalytic cycles sharing some steps. One product,
prodA, is obtained from the reaction of react0 and reactA, in a cycle where the highest barrier, through TSA, takes place in the
step where reactB enters the cycle. The alternative product, prodB, is obtained from the reaction of react0 and reactB, in a cycle
where the highest barrier, through TSB, takes place before reactB enters the catalytic cycle. Consequently, TSA will have a
second-order dependence on the concentration of [INT1][reactA] and TSB a first order on [INT1]. The concentration of [INT1]
is the same for both processes. If we also assume similar rate constants for both steps, then the difference is only in the reac-
tion order. This can seem a rather subtle issue, but it is not. In this example if we use equal barriers of 15.0 kcal/mol for TSA
and TSB, and [reactA]0 = [reactB]0 = 0.5 M, at the end of the reaction we will get a 0.35 M of prodB and only a 0.15 M of
prodA. So reaction order matters. At lower concentrations of reactants, the difference in the amount of each product increases
as the product with rate limiting step showing a first-order dependence is favored. For instance, if the initial concentrations are
10−2 M, the ratio of final products will be 99:1 in favor of prodB. When the concentration increases, the amount of prodA
increases. To have a 50% of each product we need to go up to [reactA]0 = [reactB]0 ’ 1.4 M. At higher concentrations, the
product with second-order dependence on the concentration of reactants will be favored. In Figure 9, a representation of the
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evolution of the product ratio over time is presented for four different initial concentrations. In this plot we can observe that
for initial concentrations [reactA]0 = [reactB]0 below 1.4 M, the formation of prodB is preferred, while for initial concentrations
above 1.4 M, prodA is preferred. Please note that the product ratio changes along the reaction time because the concentrations
of the reactants change as they are consumed.

4 | PRACTICAL ASPECTS

The application of microkinetic modeling to computational homogeneous catalysis involves little computational effort, but
some aspects require some attention by the researcher. We will review some of them in this section, starting with two issues
concerning the calculation of the rate constant.

For first-order elementary steps, the rate constant has units of reciprocal time, often s−1. The rate constant comes directly from
the application of the Eyring–Polanyi equation with the corresponding ΔG‡, and no special care is required when taking directly
the values resulting from application of a quantum chemistry code. Second-order elementary steps are trickier as the rate constant
units have an additional dependence on reciprocal concentration, usually M−1. In this case, the units for the rate constant derived
from the Eyring–Polanyi equation will depend on the reference state that has been used in the calculation of ΔG‡. Unfortunately,
the free energy values supplied by most quantum chemistry programs do not use 1 M as reference state, but the concentration of
an ideal gas at 298.15 K and 1 atm. If we want to have concentrations in M in our rate constant, we have to change the reference
state. Luckily, this can be done by simply increasing the barrier by 1.89 kcal/mol if the temperature of the process is 298.15 K.
There is strictly no requirement to use the 1 M reference state, and a consistent system could be deviced with a different reference
state and different units for the rate constants. In particular, the standard state for some species, such as a reacting solvent, is not
1 M. However, we advice placing all free energies with respect to the 1 M reference state.

A second issue is related to the treatment of reactions that do not have a barrier on the potential energy surface. These are
usually association/dissociation processes. They are not a problem when evaluating the feasibility of a mechanism, which they
obviously do not hinder, but are a complication for kinetic models, where each single step must have a rate constant. Although
these reactions are often referred as barrier-less, they do actually have a free energy barrier due to the loss of degrees of free-
dom and/or due to diffusion effects. If the barrier has a purely entropic nature, it can be estimated by scanning the potential
energy surface and performing frequency calculations at each point (Besora et al., 2009). The maximum on the free energy
could estimate the barrier the process. If the process is under diffusion control, a simple way to account for them is the use of
Stokes–Einstein equation with the Smoluchowski relation. This means that the diffusion rate constant kD can be approximated
as kD = 8kBT/3η, where kB is the Boltzmann constant, T is the temperature and η is the fluid viscosity (Rush et al., 2014). The
practical barriers associated to each of these two phenomena are usually in the range of 3–4 kcal/mol. They are indeed low,
but they can be critical as shown in some of the examples reported above.

Once we have written down all chemical equations with the corresponding rate constants, we can either write a script to
solve the corresponding differential equations or use one of the many available software packages designed for this purpose.
The advantage of using specialized software is saving the time-consuming and potentially error-prone step of programming,
although it may limit flexibility. These software packages use as input chemical equations, rate constants and initial concentra-
tions (plus other technical parameters as time step), and yield as output the evolution of the concentration of all species over
time. We can mention three free software tools that we have used in our group: AChem (Braun, Herron, & Kahaner, 1988),
Tenua (Wachsstock, 2007), and Copasi (Hoops et al., 2006). All three are very easy to use and reliable. The Tenua package is
very easy to set-up, though it can get slow for complicated mechanisms. Copasi is fast, offers different mathematical options
for the solution of the system of equations, and has versions for different operating systems including Linux. As weak points,
the set-up may be rather slow for new users. Achem is fast and easy to set-up, but it has lesser options than Copasi. It does not
provide graphical output, though it supplies the data to generate it.

It must also be acknowledged that microkinetic modeling will not correct mistakes in computed free energies. Computa-
tion gives errors and microkinetic models are in principle very sensitive to such errors. Where two competing steps are similar
in structure, error cancellation may be favorable. But when comparing a unimolecular and a bimolecular step, for instance,
error cancellation is unlikely to be perfect or even all that good. This can cause a “raw” microkinetic model to yield very
incorrect numerical predictions. Results have to be always critically examined.

A final point we want to mention concerns the post-processing of the results of the microkinetic modeling. The main out-
put is often a plot with the evolution of the concentrations of species over time. If the concentration of the species involved is
very different it will be very difficult to represent in one graphic. This is quite common in catalysis as reactants have usually
initial concentrations orders of magnitude higher than the catalysts. We have found that in some cases it might be a good idea
to represent the axis of the concentration in logarithmic scale. With logarithmic scale we will be able to see in a graphic all the
species, the logarithm can also be applied to time, if we need to show what happens in very short and very long reaction times.
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This can be very convenient as reactions with rather high barriers might have interesting chemistry before the first second of
the reaction (i.e., 10−5-10−3 s), but do not yield products until a time scale of hours (103-104 s) or days (104-105 s).

5 | CONCLUSIONS

Microkinetic modeling is a useful technique that has found success in computational heterogeneous catalysis and experimental
biochemistry, and seems now primed to make a significant contribution in computational homogeneous catalysis. Microki-
netic models are simple to apply, demand little computational effort and constitute an excellent complement to the free energy
profiles which are routinely computed nowadays with medium to high accuracy with DFT methods. They do not replace DFT
calculations, which are indeed the usual source for the rate constants that are input in the model, but they introduce a new
dimension concerning concentration effects that has been traditionally neglected but can be critical.

There are a lot of systems in homogeneous catalysis where microkinetic models can be relevant and there are some where
its application, either direct or indirect, is mandatory for the reproduction/prediction of the chemistry that takes place in the
experimental bench. We have outlined in this review the type of systems where this type of treatment has been shown to be
critical, and illustrated their application with representative examples. A first block of systems consists of those with complex
reaction networks. On one hand, the complexity can be associated to the sheer size of the network. The systems involved in
host–guest catalysis present a large series of simultaneous equilibria where there is a coexistence of species necessary for the
productive process, others interfering with it, and others which are not relevant. It is difficult to identify the key species from
simple inspection of relative free energies. In contrast, the kinetic model provides directly the list of species with higher concen-
trations. The complexity may also be related to the topology of the reaction network. The presence of interlinked catalytic
cycles, sharing intermediates that can be produced in one cycle and consumed in another poses a problem to conventional anal-
ysis techniques. It is difficult to ascertain the rate of steps where these intermediates are involved. A second block of systems
where microkinetic modeling is recommended is defined by systems where a key species has concentrations that differ in orders
of magnitude from the rest. Extremely low concentrations are present in a number of relatively usual cases, such as photocataly-
sis, acid–base chemistry or gas molecules dissolved in solution. Extremely large concentrations can also appear when the sol-
vent participates as a key reactant in the system. If these species with very different concentrations are involved in any
kinetically relevant step, microkinetic models may be useful, and they become mandatory when one of these kinetic steps is in
a selectivity-deciding competition. There may well be other cases in homogeneous catalysis where microkinetic modeling is rel-
evant but no examples are yet available. We have mentioned also in this review the potential of cases where unimolecular and
bimolecular selectivity-determining steps are competing. It is important to remark that even in cases where microkinetic model-
ing happens to be not relevant, its performance will demand little effort and confirm the validity of more simple analysis.

Microkinetic models have been so far used mostly as a method to refine the information usually extracted from computed
free energy profiles. In this sense, it has led to an improved prediction of reaction times and selectivities for a number of reac-
tions. There is the potential for additional applications that remain so far relatively unexplored. On the one hand, microkinetic
modeling opens new possibilities on the analysis of more raw experimental data involving the direct evolution of concentra-
tions through time. A better comparison can be carried now with these experimental data, which can lead to a strengthened
collaboration with experimental researchers. On the other hand, the performance of microkinetic modeling opens the path to
low-cost high-value computational experiments. Computational affordable tests can be carried out to evaluate the role of
changes of the initial concentrations, the reaction times or temperature. More elaborate analysis can be carried out on the role
that the suppression of a given side reaction or additive would have in the overall behavior.

In summary, we hope to have demonstrated that microkinetic modeling is already a powerful tool for computational homo-
geneous catalysis. We foresee an extended application of this technique in the field in the near future.
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