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Abstract  

Mean-field microkinetic models are appealing for their relatively facile construction, computational 

tractability, and high-throughput catalyst screening capabilities. As such, they will continue to be a valuable 

tool for materials design in heterogeneous catalysis even as the field aims to describe more complex systems. 

Numerous prior reports have provided groundwork for constructing first-principles based microkinetic 

models, including analysis of strategies for incorporating lateral interactions into thermodynamic 

parameters (e.g., adsorption energies). Yet, there remains a need for concerted dialogue on strategies for 

calculating and incorporating coverage-dependent kinetic parameters into microkinetic models. In this 

perspective, we assess strategies for doing so, including the corresponding key physical implications and 

computational challenges. We emphasize that decoupling thermodynamic and kinetic parameters within a 

microkinetic model can violate thermodynamic consistency and risks unphysical solutions. For some 

reactions and catalyst materials, scaling relationships can predict coverage-dependent activation energies, 

but there are several exceptions evident in the literature indicating that this approach is not universally 

applicable, and that the field could benefit from research aimed at elucidating the limitations. Conducting 

high-coverage transition-state searches is a rigorous but computationally costly strategy, and the effects of 

various methods for mitigating this cost on resulting energetics have yet to be broadly explored and 

validated. The goal of this perspective is to generate discussion on and inspire focused research into the 

physical relevance of approaches for describing coverage-dependent reaction barriers in microkinetic 

models, including the development of computationally tractable methodologies, to advance the 

applicability of MKMs across diverse reaction chemistries and conditions.   
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1. Introduction  

Mean-field microkinetic models (MKMs) are widely used to evaluate reaction mechanisms and 

screen catalytic materials in the field of heterogeneous catalysis.1–5 These models are comprised of a set of 

differential equations that describe the evolution of surface-bound and gas-phase intermediate 

concentrations in a predefined reaction network. Solutions are obtained by solving the system of equations 

for a given time span or reactor length with a set of  initial conditions. Post-solution processing enables 

predictions of macroscale catalytic performance (i.e., rates, selectivities) and kinetic behaviors (i.e., rate 

laws, apparent activation energy barriers), while providing insights on reaction mechanisms (i.e., sensitivity 

analysis, dominant reaction pathways). Under the mean-field approximation, all sites are treated identically, 

and there are no spatial correlations between sites; model solutions are averaged across species’ surface 

concentrations. 

A fundamental feature of MKMs is the required parametrization of reaction energetics for 

elementary steps in the reaction network, often achieved using first-principles calculations based on density 

functional theory (DFT). The DFT-derived energies are often provided as energies of transition-state (TS) 

complexes and adsorption energies of surface-bound reaction intermediates on the catalyst surface of 

interest. Corresponding activation energy barriers and reaction free energies, and rate and equilibrium 

constants, are then calculated within the MKM code.2,6 Due to the exponential nature of rate and equilibrium 

constants, MKM solutions can vary significantly even with small (i.e., 0.01 eV) perturbations in a few of 

the DFT-derived parameters (i.e., sensitive parameters). If available, the model predictions can be compared 

with experimental data to confirm the accuracy of the model. Ultimately, MKMs facilitate mechanistic 

connections between atomic-scale models and macroscale observations. 

The aforementioned parameter sensitivity necessitates the careful selection of atomic-scale 

modelling parameters, driven by an understanding of the corresponding physical implications. As such, 

active site models are typically designed to reflect certain physical properties of the catalyst. In this 

perspective, we focus our discussions on slab models with periodic boundary conditions that aim to describe 

catalysis on large surfaces of metals, metal-oxides, metal-sulfides, etc. For example, large metal 

nanoparticles (> 5 nm) are conventionally represented by periodic slab models of the most 

thermodynamically stable facet, which is primarily exposed. In contrast, stepped surfaces or nanocluster 

models are often employed to represent the undercoordinated sites on a smaller nanoparticle size;7 models 

that target more structurally complex catalyst materials, such as porous catalysts, are beyond the scope of 

this discussion. For slab models with periodic boundary conditions, the use of large periodic unit cells 

represents a dilution of surface intermediates. Correspondingly, smaller unit cells correspond to a denser 

surface concentration. Monolayer (ML) coverage is conventionally defined as the number of adsorbates per 
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surface site; for example, one adsorbate in a 2 × 2 supercell with four surface metal atoms is denoted as 1/4 

ML; the topic of unit cell size is further discussed in Section 2.3.2a.  

Indeed, the quantity and configuration of surface-bound intermediates in periodic models are 

nontrivial parameters. When surface intermediates are expected to be present at significant coverages during 

catalytic turnovers, as predicted by spectroscopy or a steady-state MKM simulation solution, it becomes 

necessary to incorporate most-abundant surface intermediates (MASIs) on the model active sites, thereby 

capturing the effects of adsorbate-adsorbate or lateral interactions on the adsorption energies of intermediates 

and TSs (i.e., coverage effects). Such high-coverage systems are relevant to diverse chemistries important 

to addressing energy and environmental challenges, including NO oxidation/reduction,8,9 CO 

oxidation/hydrogenation,10–13 formic acid decomposition,14,15 and methanol synthesis16. We note that 

conventional mean-field simulations cannot consider spatial configurations of accumulating adsorbates that 

may influence system dynamics; we refer readers to the substantial prior research devoted to describing 

configurations of adsorbates with non-mean-field MKMs.17–24 Lattice-based kinetic Monte Carlo (kMC) 

simulations allow for configuration-dependent rate expressions and descriptions of correlations between 

sites, but they are generally only computationally tractable for simple reaction networks, with a 

computational cost nearly three orders of magnitude larger than that of MKMs.1  As such, MKMs remain an 

attractive option for relatively facile, high-throughput modelling, especially for systems characterized by 

complex reaction networks.   

In recent years, implementing coverage-dependent energetics into MKMs is increasingly common, 

as the field attempts to understand and describe the role of the reaction microenvironment.16,19,25–29 

Incorporating adsorbate-adsorbate interactions into a surface model often nonuniformly influences the 

calculated stabilities of intermediates and TSs, resulting in reaction energies and activation barriers that can 

deviate nonmonotonically from those calculated at ideal, low-coverage conditions even by more than 1 

eV.8,9,26,30,31 Coverage-cognizant energetics in an MKM can therefore significantly impact model solutions, 

including changes in i) the identity of the kinetically relevant steps, which are reflected in sensitivity/degree 

of rate control analysis, ii) the dominant reaction route, reflected in reaction flux analysis, and/or iii) the 

overall apparent activation energy (𝐸𝑎𝑝𝑝 ), reflected in the change in turnover frequencies (TOFs) with 

temperature. 4,10–12,25,26,28,31–34   

Here, we discuss the challenges in capturing the effects of adsorbate-adsorbate interactions on 

kinetic parameters in MKMs. In these models, the changes in coverage-dependent energetic parameters 

propagate throughout the hierarchical structure of the MKM equations, beginning with coverage-dependent 

adsorption energies, to reaction energies, and finally, to activation barriers. Numerous prior works by 

Grabow, Dumesic, Mavrikakis, Schneider, Nørskov, and others provide significant groundwork for guiding 

the construction of steady-state MKMs,1–3,6,13,17,35–37 including works focused on the design of equations 
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that describe coverage-dependent thermodynamic parameters (e.g,. adsorption and reaction 

energies).8,13,25,38,39 However, connections between coverage-induced changes in thermodynamic and 

kinetic parameters (e.g., activation barriers) for elementary steps have not been previously discussed in 

detail, despite the significant consequences on the model solutions.   

In this perspective, we detail the mathematical equations corresponding to coverage-induced 

changes in energetic parameters within bottom-up (DFT-parametrized, or first-principles based) MKMs, 

and discuss the corresponding implications on the reaction kinetics. We provide a systematic assessment of 

the common techniques applied in the literature for describing coverage-dependent kinetic parameters 

within MKMs, including the validity of their accompanying physical implications, and the relative 

computational tractability. The goal is to provide clarity and generate discussion on the current strategies 

and challenges involved in calculating coverage-dependent rate constants, and to inspire transparency in 

reporting methods used and the development of improved approaches. The topics discussed herein are 

relevant to any MKMs with DFT-derived parameters that aim to capture the effects of lateral interactions 

on reaction energies and activation barriers.   

 

2. Discussion 

2.1 Hierarchical connections between coverage-dependent equations within DFT-parametrized 

MKMs 

Periodic DFT calculations are often designed to simulate low-coverage conditions, where each adsorbate 

is infinitely separated, and adsorbate-adsorbate interactions are negligible. This approximation is appealing 

for its low computational cost, relatively facile model construction, and may appropriately represent some 

catalytic systems where species are unlikely to accumulate on the surface (e.g., systems under sufficiently 

high temperatures, low reactant pressures, or those that use catalyst materials with weak binding affinities). 

For catalysts that experience higher adsorbate coverages during catalytic turnovers – as indicated by kinetic 

and spectroscopic data, or steady-state model solutions – lateral interactions are expected to influence DFT-

derived energies.  

Equations 1-6 demonstrate the relationship between reaction energies, adsorption energies, and 

activation barriers typically used in MKM formulations. Adsorption energies are typically defined as: 

𝐸𝑎𝑑𝑠,𝑗 =  𝐸𝑗+ 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 −  𝐸𝑠𝑢𝑟𝑓𝑎𝑐𝑒 − 𝐸𝑗(𝑔)                                         (1) 

Here, 𝐸𝑎𝑑𝑠,𝑗 is the adsorption energy of a bound intermediate j (adsorbate), 𝐸𝑗 + 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 is the total energy 

of the adsorbate j bound to the surface, 𝐸𝑠𝑢𝑟𝑓𝑎𝑐𝑒 is the energy of the surface, and 𝐸𝑗(𝑔) is the energy of the 

corresponding gas-phase (unbound) intermediate.  
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Reaction energies are defined as the difference in energy between reactant and product energies. In 

the case of surface reactions, these terms can be calculated by summing the adsorption energies and gas-

phase energies of the respective states (Eqn. 2).  

∆𝐸𝑟𝑥𝑛,𝑖 =  𝛴𝐸𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 −  𝛴𝐸𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠  

=  𝛴𝐸𝑎𝑑𝑠,   𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 + 𝛴𝐸𝑔𝑎𝑠,   𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠  − (𝛴𝐸𝑎𝑑𝑠,   𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠 + 𝐸𝑔𝑎𝑠,   𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠 ) (2)  

Here, ∆𝐸𝑟𝑥𝑛,𝑖 is the reaction energy of elementary step i and 𝐸𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠, and 𝐸𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠 are the energies of 

the reactants and products of the elementary step.  𝐸𝑎𝑑𝑠,   𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 and 𝐸𝑎𝑑𝑠,   𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠 are the adsorption 

energies of the products and reactants, respectively, and  𝐸𝑔𝑎𝑠,   𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 and 𝐸𝑔𝑎𝑠,   𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠 are the gas-

phase energies of the products and reactants, respectively. The activation energy barriers are calculated as 

the difference between the transition state energy and the reactants (forward barrier, 𝐸𝑎,𝑓) or products 

(reverse barrier, 𝐸𝑎,𝑟): 

𝐸𝑎,𝑓 = 𝐸𝑇𝑆 −  𝛴𝐸𝑎𝑑𝑠,   𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠 −   𝛴𝐸𝑔𝑎𝑠−𝑝ℎ𝑎𝑠𝑒,   𝑟𝑒𝑎𝑐𝑡𝑎𝑛𝑡𝑠                         (3) 

𝐸𝑎,𝑟 = 𝐸𝑇𝑆 −  𝛴𝐸𝑎𝑑𝑠,   𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠 −   𝛴𝐸𝑔𝑎𝑠−𝑝ℎ𝑎𝑠𝑒,   𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠                            (4) 

∆𝐸𝑟𝑥𝑛 = 𝐸𝑎,𝑓 −  𝐸𝑎,𝑟                                                             (5) 

Upon the calculation of vibrational frequencies, the energies of adsorbates and TSs can be temperature-

corrected via statistical mechanical formalisms40 to provide the respective free energy values. The free 

energy barriers are then used to calculate rate constants of an elementary step i (Eqn. 6-7) based on TS 

theory:41  

𝑘𝑖,𝑓 =
𝑘𝐵𝑇

ℎ
exp [

−𝐺𝑎,𝑓

𝑅𝑇
]                                                               (6) 

Here, 𝑘𝑖,𝑓 and 𝐺𝑎,𝑓 are the forward rate constant and activation barrier for a reversible elementary step i. 

𝑘𝐵 , 𝑇, ℎ, and 𝑅 are Boltzmann’s constant, temperature, Planck’s constant, and the ideal gas constant, 

respectively. 𝐾𝑒𝑞,𝑖, the equilibrium constant of the elementary step, is calculated from the corresponding 

reaction free energy ∆𝐺𝑟𝑥𝑛,𝑖: 

𝐾𝑒𝑞,𝑖 = exp [
−∆𝐺𝑟𝑥𝑛,𝑖

𝑅𝑇
]                                                               (7) 

The magnitude of the reverse activation barrier (𝐺𝑎,𝑟  ) and the corresponding rate constant (𝑘𝑖,𝑟) are often 

calculated implicitly from 𝐾𝑒𝑞,𝑖 amd 𝑘𝑖,𝑓, to maintain thermodynamic consistency (i.e., Eqn. 5):  

𝑘𝑖,𝑟 =
𝑘𝑖,𝑓

𝐾𝑒𝑞,𝑖
                                                                        (8) 

We note here that we implement the common equations for defining rate constants, equilibrium constants, 

and rate equations in microkinetic models,2,6 although we refer the interested reader to prior works 
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discussing formal definitions with respect to standard states.42–44 Thus, when  ∆𝐺𝑟𝑥𝑛,𝑖 (and therefore 𝐾𝑒𝑞,𝑖; 

Eqn. 7) changes as a function of coverage,  𝑘𝑖,𝑟 and/or 𝑘𝑖,𝑓 must also change proportionally, as dictated by 

Eqn. 5 and 8. We focus our discussion on the electronic components of the free energies (i.e., 𝐸𝑎,𝑓 , 𝐸𝑎,𝑟, 

and ∆𝐸𝑟𝑥𝑛 ), which comprise the dominant portion of free energies at low to moderate temperatures, 

although we recognize that adsorbate-adsorbate interactions can influence vibrational frequencies and, 

consequently, temperature-corrected values (ZPE, H, S).45–47 Furthermore, the frequencies are often 

calculated under the harmonic approximation, which is known to introduce errors in vibrational frequency 

analysis, especially for low modes that arise from weakly-bound species.48 Thus, further research is needed 

to define best practices in the field for performing vibrational frequency analysis in the presence of spectator 

species.  

For each elementary step i, the forward (𝑟𝑖,𝑓) and reverse (𝑟𝑖,𝑟) rate are determined by the fractional 

surface coverages of the reactants and products (𝜃𝑗 , where 0 ≤  𝜃𝑗  ≤ 1) and forward and reverse rate 

constants (𝑘𝑖,𝑓 and 𝑘𝑖,𝑟, respectively) for the elementary step:   

    𝑟𝑖,𝑓= 𝑘𝑖,𝑓 ∏[𝜃𝑗]𝜈𝑖𝑗               (9)  

𝑟𝑖,𝑟= 𝑘𝑖,𝑟 ∏[𝜃𝑗]𝜈𝑖𝑗           (10) 

Here,  𝜈𝑖𝑗  is the stoichiometric coefficient of an intermediate j as determined by the balanced elementary 

step i. Note that the polynomial site dependencies of rates (Eqns. 9 and 10) rely upon the assumptions of 

fast-diffusion and consequently randomized adsorbate distributions, and that divergence from this behavior 

is possible when there are site occupancy correlations.18  In fact, the assignment of “surface sites” is a 

nontrivial task; conventional MKMs assume a simple site balance equation, where the total number of 

active sites is often quantified as the number of surface atoms in a specified area (unit cell). In general, the 

surface species j occupies a single active site; thus, the fractional coverages of intermediates, including 

vacant sites, must sum to one. Distinct from this definition, active sites assignments in DFT calculations 

typically refer to unique high-symmetry adsorption sites of a faceted surface (e.g., top vs. hollow sites on a 

(111) facet). Previous reports have proposed the use of two-site models to describe ‘reservoirs’ of 

adsorbates that do not competitively adsorb on the same high-symmetry site as the remaining 

adsorbates,16,49  or when the surface has two distinct types of active sites (e.g., metal and oxygen atoms in 

metal-oxides).50 Larger adsorbates can be defined as occupying more than one of these sites, depending on 

their binding mode (i.e., monodentate vs. bidentate).51 We refer readers to literature addressing the complex 

task of site assignments and balances in heterogeneous catalysis.18,22,32,52 Such topics are critical in forming 

accurate predictions of 𝜃𝑗, and consequently, rates of elementary steps.  

 According to the law of mass action, the net rate of an elementary step (𝑟𝑛𝑒𝑡,𝑖) is then written as: 

𝑟𝑛𝑒𝑡,𝑖 = 𝑟𝑖,𝑓 −  𝑟𝑖,𝑟     (11) 
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The net rates are used to calculate the time- or volume-dependent mole balances of each species, describing 

the change in surface concentration of a given intermediate for transient CSTRs (Eqn. 12a) or PFRs (Eqn. 

12b), respectively: 

𝜕𝜃𝑗

𝜕𝑡
= ∑ 𝜈𝑖𝑗𝑟𝑛𝑒𝑡,𝑖      (12a) 

𝜕𝐹𝑗

𝜕𝑉
= ∑ 𝜈𝑖𝑗𝑟𝑛𝑒𝑡,𝑖                (12b) 

The time-dependent mole balances make up the system of ordinary differential equations (ODEs) solved 

within the MKM for a specified time span in a transient CSTR – ideally, a time span sufficiently long to 

capture steady-state behavior. The solutions to the converged model are so-called steady-state 

concentrations, which are used in post-solution processing to quantify the macroscopic kinetics. The steady-

state solutions to a transient CSTR model at differential conversions can be used as initial guesses to 

describe reaction kinetics in a PFR. In this case, the PFR is described by a system of differential algebraic 

equations (DAEs), where species’ concentrations evolve over the reactor length (rather than time) (Eqn. 

12b). Transient CSTRs are commonly employed  in microkinetic models as the system of ODEs are easier 

to converge than the system of DAEs for PFR models.51 Steady-state rates can be validated against 

experimental kinetic data from flow reactors with small bed volumes, operated at low (differential) 

conversions.2 We refer readers to the thorough review by Dumesic and coworkers2 for further details 

regarding the MKM equations for both CSTR and PFR models, and the construction of steady-state MKMs, 

as well as an introductory guidebook authored by Filot,6 and additional resources.1,36,37,53 A simplified 

workflow of the conventional microkinetic modelling process, adapted from Bhandari et al.,36 is shown in 

Figure 1.  

 

  

Figure 1. Schematic representation of the typical workflow adopted in the formulation and analysis of a 

first-principles based microkinetic model, adapted from36. Copyright 2020 American Chemical Society. 
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The topics discussed herein address the impacts of coverage-induced changes on the parameters in 

Eqns. 1-8, and are thus applicable to either transient CSTR or PFR models. To maintain reasonable 

computational cost in parameterizing coverage-cognizant models, it is commonplace to only consider 

lateral interactions induced by the most prevalent MASIs.1,8,15,16,29,53,54 Within the MKM code, the 

adsorption energies of selected intermediates are written as functions of at least one species’ surface 

concentration (𝐸𝑎𝑑𝑠,𝑗= 𝑓(𝜃𝑚), where m may or may not be equal to j). Any adsorption energies that are 

defined as a function of 𝜃𝑚 are adjusted iteratively as the MKM solves the system of differential equations. 

Inherently, the changes in coverage-dependent 𝐸𝑎𝑑𝑠,𝑗  affect reaction energies (Eqn. 2) and activation 

barriers (Eqns. 3-4), and thus rate and equilibrium constants (Eqns. 6-8). These will affect the calculation 

of rates and ODE/DAE solutions (Eqns. 9-12).  

 

2.2 Incorporating coverage-dependent thermodynamics and kinetics in MKMs  

To further detail the connection between coverage-dependent thermodynamic and kinetic 

parameters, consider a single elementary reaction step involving three surface intermediates (A*, B*, and 

C*, * indicates a bound species), on a catalytic surface with significant fractional coverages of A* (θA*):  

A* + B* ⇆ C* + *       R(1) 

In this example, the adsorption energies of surface-bound intermediates (𝐸𝑎𝑑𝑠,𝐴∗ , 𝐸𝑎𝑑𝑠,𝐵∗  and 𝐸𝑎𝑑𝑠,𝐶∗ ) 

depend on the coverage of A*, as described by coverage-dependent functions within the MKM:  

 𝐸𝑎𝑑𝑠,𝑗 = 𝑓(θA∗ )      (13) 

Here, j is either A*, B*, or C*. Parametrizing this equation typically involves calculating the adsorption 

energies of adsorbates at incremental concentrations of spectator species, and fitting the data to a curve, 

25,53 or alternatively, generating a cluster expansion.4,33 We refer readers to a prior study by Schneider and 

coworkers devoted to the development of different mathematical expressions of Eqn. 13, including linear, 

piecewise, and activity-based models,25 and a prior report by Hu and coworkers that detailed the use of a 

one- or two-line model to describe changes in adsorption energy as a function of coverage.53 As the MKM 

iteratively solves the mole balances of surface species (Eqn. 12), θA∗  – and consequently 𝐸𝑎𝑑𝑠,𝐴∗ , 𝐸𝑎𝑑𝑠,𝐵∗  

and 𝐸𝑎𝑑𝑠,𝐶∗ – are updated. According to Eqn. 2, the surface reaction energy for the example surface reaction 

(R1) is modified as:   

∆𝐸𝑟𝑥𝑛(θA∗ ) =  𝐸𝑎𝑑𝑠,𝐶∗(θA∗ ) −  (𝐸𝑎𝑑𝑠,𝐴∗(θA∗ ) + 𝐸𝑎𝑑𝑠,𝐵∗(θA∗ )) + ∆𝐸𝑟𝑥𝑛,𝐴(𝑔)+𝐵(𝑔)→𝐶(𝑔)     (14) 

This equation demonstrates how coverage-induced changes in 𝐸𝑎𝑑𝑠  of A*, B*, or C* lead to a change in 

∆𝐸𝑟𝑥𝑛. 

 To maintain thermodynamic consistency of an elementary step (i.e., satisfy Eqn. 5), either the 

forward, reverse, or both activation barriers must also change with the change of  ∆𝐸𝑟𝑥𝑛. Consider the base 
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case of a coverage-independent reaction profile of a single elementary step (black lines, Scheme 1), where 

all energies are defined relative to a reference state (𝐸𝑟𝑒𝑓; commonly the reactants in the gas-phase). The 

initial- and final-state energies (𝐸𝐼𝑆 and 𝐸𝐹𝑆, respectively) reflect the energy of the reactants and products 

on the catalyst surface, connected by the transition state (𝐸𝑇𝑆) along the reaction coordinate. We address 

three different cases (Scheme 1a-1c, dashed lines) illustrative of scenarios resultant from implementing 

coverage-induced changes to the kinetic parameters alongside a coverage-induced change in ∆𝐸𝑟𝑥𝑛. These 

are briefly described in the documentation for the open-source descriptor-based MKM screening software 

package, CatMAP,  developed by Nørksov and coworkers.37 We elaborate here on the implementation, 

important considerations, and limitations of each case. For the purpose of illustration, these examples are 

presented assuming that the lateral interactions are destabilizing; that is, the energies of coverage-dependent 

surface bound intermediates become more positive (less favorable) with increasing surface coverage, 

although stabilizing lateral interactions are also possible.16 

(i) The activation energy barrier in one direction (i.e., 𝐸𝑎,𝑓 𝑜𝑟 𝐸𝑎,𝑟) is defined as a constant, coverage-

independent value. The change in ∆𝐸𝑟𝑥𝑛 results in a change in the other (i.e., non-constant) barrier 

of the same magnitude. 𝐸𝑇𝑆 shifts correspondingly (Scheme 1a). 

(ii) 𝐸𝑇𝑆 is defined as a constant, coverage-independent value. The change in ∆𝐸𝑟𝑥𝑛 results in changes 

in the magnitudes of both 𝐸𝑎,𝑓 (calculated via Eqn. 3) and 𝐸𝑎,𝑟 (calculated via Eqn. 4), where the 

sum of the change in magnitude of the elementary step barriers is equal to the change in ∆𝐸𝑟𝑥𝑛 

such that Eqn. 5 is satisfied (Scheme 1b).  

(iii) 𝐸𝑇𝑆 or one activation energy barrier (e.g., 𝐸𝑎,𝑓) is described by a coverage-dependent equation or 

determined from first-principles calculations at a representative high coverage (Scheme 1c). The 

remaining parameter, (e.g., 𝐸𝑎,𝑟) is determined from Eqn. 4 or Eqn. 5, which should give the 

same value, maintaining thermodynamic consistency.  

 

 Case i or ii arises when coverage-dependent adsorption energies are implemented without the 

corresponding inclusion of a coverage dependency for transition state energies (or activation barriers). 

These cases for a single elementary step are described in Schemes 1a and 1b, respectively, compared with 

the original profile of the elementary step at low coverage (solid black lines in Scheme 1). These figures 

show how cases (i) and (ii) can lead to dramatic changes in forward (and/or reverse) activation barriers with 

significant consequences in MKM solutions. While many previous reports describe the methods for 

incorporating coverage-dependent adsorption energies (and thus reaction energies) into an MKM, the 

methods for incorporating coverage-dependent 𝐸𝑇𝑆 or  𝐸𝑎,𝑓  are often less detailed.  As activation barriers 

are inherently correlated with adsorption energies within the MKM code, as we show here, it is possible 
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that scenario (i) or (ii) is implemented unintentionally without careful consideration. We thus discuss these 

cases to better inform those new to the field, where the consequences and implications of these scenarios 

may not be immediately intuitive, and to highlight the opportunity to improve consistency in documentation. 

  

 

 

Scheme 1: Representative coverage-induced changes in the reaction energy profile of a single elementary 

step, relative to the original profile (solid black lines).  Ea,f or ETS are treated as constant values to generate 

the high-coverage blue (a) and red (b) profiles; both Ea,f and ETS change to generate the high-coverage green 

(c) profile. A change (⇕) in the relevant parameters is indicated in the bottom left of each profile. EIS, EFS, 

Ea,f, Ea,r, and ETS indicate the initial-state energy, final-state energy, forward activation barrier, reverse 

activation barrier, and TS energy relative to the reference state (Eref), respectively. 

 

The first case (Scheme 1a) assumes that the activation barrier in one direction is unaffected by 

lateral interactions, thereby defining the barrier as a constant parameter within the MKM. For clarity, the 

discussion that follows assumes that the fixed barrier is the forward barrier. If 𝐸𝑎,𝑓  is defined as a constant 

in the MKM, 𝐸𝑇𝑆 and 𝐸𝑎,𝑟 are altered to accommodate coverage-induced changes in ∆𝐸𝑟𝑥𝑛 (Scheme 1a) 

and maintain thermodynamic consistency (Eqn. 5). This may lead to erroneous results if, for example, a 

coverage-dependent ∆𝐸𝑟𝑥𝑛 exceeds the fixed magnitude of 𝐸𝑎,𝑓. In such a scenario, 𝐸𝑎,𝑟 becomes negative 

to satisfy Eqn. 5. In addition, accounting for the full magnitude of the change in ∆𝐸𝑟𝑥𝑛 through 𝐸𝑎,𝑟 can 

greatly influence the net rate of an elementary step, particularly if the change in ∆𝐸𝑟𝑥𝑛 is significant.  

Instead of a fixed activation barrier, case ii (Scheme 1b) imposes the requirement that 𝐸𝑇𝑆  is 

constant with varying coverage. This restriction inherently results in changes to the activation barrier 

magnitudes because of the mathematical constraints of the model (Eqns. 2-5). Depending on the magnitude 

of the change in the initial state and final state energies, this approach can likewise lead to large changes in 

barriers and thereby the predicted net rates of elementary steps.  
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We thus emphasize that adsorption energies cannot change independent of activation barriers in a 

thermodynamically consistent MKM. As such, for both cases (i) and (ii), which involve fixing a single 

kinetic parameter, it is important to consider the physical implications and relevance of the resulting 

parameter changes. That is, are the changes in the forward and reverse rates, and thus net rates, reasonable 

and consistent with the expected effects of increased coverage. Ultimately, implementing coverage-

dependent thermodynamic parameters (𝐸𝑎𝑑𝑠  , ∆𝐸𝑟𝑥𝑛, 𝐾𝑒𝑞  ) while neglecting to design coverage-dependent 

kinetic parameters (𝐸𝑎,𝑓 and/or 𝐸𝑇𝑆, 𝑘) imposes the assumption that only stable intermediates, and not TSs, 

are influenced by lateral interactions, and risks unphysical steady-state solutions.  

 Case (iii) involves calculations of TS energies as a function of adsorbate coverage. Such a task, however, 

is not trivial and can be computationally demanding, especially given the challenges of performing high-

coverage DFT calculations. Simplifying the atomic-scale models used to conduct TS searches or estimating 

activation barriers from scaling relationships can reduce the computational cost, although the application 

of these approaches has corresponding limitations. The common practices related to calculating and/or 

estimating coverage dependent TS energies are further discussed in the next section, along with the 

corresponding advantages, assumptions, and limitations. We note that in addition to affecting kinetics in a 

spectator role for an elementary step, in some cases, the accumulating surface species may participate 

directly in elementary steps through new bimolecular mechanisms, which can have even more profound 

effects by offering alternative, lower barrier, reaction pathways.55,56 For example, on Ru surfaces that 

experience significant coverages of water during Fischer-Tropsch synthesis, the surface-bound water 

species enable hydrogen shuttling, ultimately influencing both rates and selectivities.57 While important, 

the investigation of such direct roles of accumulating species in reaction chemistry is beyond the scope of 

this discussion.  

 

2.3. Determining coverage-dependent reaction barriers  

2.3.1. Scaling relationship approximations of coverage-dependent reaction barriers  

A Brønsted-Evans-Polyani (BEP) relationship linearly relates the activation energy barriers and the 

reaction energies for a given elementary reaction or a family of reactions.58 In general, as the 

thermodynamics of an elementary step become more favorable, the elementary step also becomes more 

kinetically favorable. The BEP relations are typically parametrized using a small set of DFT calculations, 

which are then used to estimate the barriers from thermodynamic values, thus significantly reducing 

computational costs in determining kinetic barriers.8,29,53 Such scaling relations are widely used in the field 

and are effective for low-coverage MKM-based screening across catalyst compositions to identify catalysts 

with optimal binding properties while circumventing extensive TS searches.1,5,12,13,59 However, the 
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applications of scaling relationships in high coverage environments are not yet well-established, including 

whether they can be universally applicable to diverse reactions and surfaces. Here, we introduce previous 

practices in utilizing a scaling relationship to estimate high-coverage barriers and discuss examples where 

scaling relationships may not be applicable.  

 In some cases, the BEP parameters (i.e., the slope and intercept of the linear relationship) derived 

at low-coverage conditions may also apply to the high coverage environment, such that one can apply the 

same BEP parameters to predict activation energies at high coverage conditions from high coverage 

reaction energies. Doing so avoids the need for conducting any computationally intensive high-coverage 

TS searches. Nørskov and Grabow utilized this approach1,13  based on their observation that N2 dissociation 

barriers on Ru with high spectator coverages (N* and O* at 0.5 ML) can be predicted by the BEP linear 

trend that was derived at low-coverage conditions across different metal surfaces (Fig. 2a).60  Using low-

coverage BEP parameters at high-coverage conditions relies upon the assumption that activation barriers 

and reaction energies scale across different coverages (on a single metal) in the same way that they scale 

across different metals (in a low-coverage environment). This assumption may be valid if the changes in 

reaction energies across surfaces and across coverages are caused by the same physical phenomenon (e.g., 

changes in the d-band center).13  

 Other effects, such as lateral through-space interactions between surface bound species, could 

also influence the energy of the TS and lead to high-coverage energetics that do not follow the low-coverage 

BEP relation. For example, Studt and coworkers used the scaling relationships derived at low-coverage 

conditions (0.25 ML CO*) across a suite of metals to predict TS energies at higher CO*-coverages for 

elementary steps involved in CO methanation.12 In doing so, the authors observed that the energetics for a 

C-OH splitting step did not follow the BEP relation in the transition from low to high coverages,12 hinting 

that a low-coverage BEP relation does not universally apply across coverages in all cases. Instead, Studt 

and coworkers derived new BEP parameters at a single, consistent high-coverage condition (1 ML CO*) 

across the suite of metal surfaces (Fig. 2b).12 Unlike the first approach, which circumvents the need for any 

high-coverage TS searches by using low-coverage BEP parameters, this approach does require a subset of 

high-coverage TS searches to parametrize the new BEP relation. Importantly, the outcome is a more 

accurate description of TS energies that do not scale universally across metals and coverages.  

 Alternatively, a coverage-dependent BEP relationship can be derived by calculating the reaction 

energy and activation barrier of an elementary step on a single surface at incremental coverages of a relevant 

spectator. For example, Schneider and coworkers explicitly calculated coverage-dependent activation 

barriers and reaction energies for O2 dissociation on O*-covered Pt(111) (Fig. 2c), where O* coverage 

varied between 0-0.5 ML. In this study, the authors enumerated the number of adsorbate-adsorbate 

interactions a species experiences at a given O*-coverage, and posited that the coverage-dependent O2 
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dissociation correlation was linear because the number of interactions in the transition- and final-states was 

identical across coverages.8  

 

 

Figure 2. BEP relations between activation energies (𝐸𝑎) and the reaction energies (∆𝐸𝑟𝑥𝑛) for (a) N2 

dissociation across close packed surfaces of different transition-metals (fcc(111), hcp(0001), and bcc(110))  

at low coverage (purple triangles) and on Ru(0001) with 0.5 ML of O* and N* (green diamonds); adapted 

with permission from60. Copyright 2002 Elsevier. (b) C-OH dissociation with ¼ ML CO* (red triangles) 

and 1 ML CO* (black diamonds) spectators on the (211) surfaces of Ag, Cu, Pd, Pt, and Rh. All energies 

are relative to CO and H2 in the gas phase. 1 ML coverage for the (211) surface is defined as one adsorbate 

per atom along the step; adapted with permission from12. Copyright 2013 Elsevier. (c) O2 dissociation on 

O*-covered Pt(111) surfaces. All energies are taken relative to the energies of O2(g) and Pt(111) surface; 

adapted with permission from8. Copyright 2010 Wiley-VCH. 

 

 

Table 1. Reported activation barriers (𝐸𝑎) and reaction energies (∆𝐸𝑟𝑥𝑛) of elementary steps on metal 

surfaces at low (no spectator species) and high (some spectator species) coverages. 

   Low Coverage High Coverage 

Elementary Step Surfaceref Spectator Species 
Ea 

(eV) 

ΔErxn 

(eV) 

Ea 

(eV) 

ΔErxn 

(eV) 

NOH* + H* → HNOH* + * 

Pt(111)9 1/2 ML NO* 

1.09 -0.02 1.24 -0.86 

HNO* + H* → HNOH * + * 0.36 -0.15 0.43 -0.74 

N* + N* → N2* + * 1.55 -1.94 1.60 -2.28 

CH2OOH* → CH2O* + OH* Cu(211)16 1/6 ML HCOO* 0.42 0.35 0.49 0.34 

OH* + OH* → H2O* + O* Pd(100)27,a  0.30 ML O* and 

0.42 ML H* 
0.24 0.21 1.34 -0.87 

COOH* + * → CO2* + H* 

Pt(100)15,a 4/9 ML CO* 

0.73 -0.1 0.96 -0.39 

COOH* + * → CO2* + H* 0.96 0.13 1.18 -0.01 

CO* + O* → CO2 0.75 0.01 0.79 -0.62 

CHO* + H* → HCOH*+ * Ru218
61 1 ML CO* 0.82 -0.26 0.75 0.12 

a with free energy corrections  
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  These prior reports demonstrate that the BEP relationship can be applied to high-coverage 

conditions for certain reactions. However, based on our review of prior works reporting computed reaction 

energies and activation barriers at low and high coverages, we found numerous examples of elementary 

steps that deviate from the expectation. Specifically, if the BEP relation is valid across coverages, an 

elementary step that becomes more endothermic (exothermic) due to coverage effects should have an 

increased (decreased) activation barrier. Table 1 provides several exceptions to this general BEP trend, 

revealing that adsorbates and TSs do not necessarily experience coverage effects in the same way. For 

example, for the hydroxyl disproportionation reaction (OH* + OH* → H2O* + O*), the reaction energy 

became more thermodynamically favorable on Pd(100) as the surface became populated with O* and H* 

spectators (∆𝐸𝑟𝑥𝑛  decreased from 0.21 to -0.87 eV; Table 1); yet the activation barrier increased by nearly 

1 eV, from 0.24 to 1.34 eV, in contrast with the BEP relation. We note that Table 1 reports a representative 

set of examples and not an exhaustive list from prior reports. These exceptions at high coverage 

environments may be due to several variables, such as: i) the size and geometry of the TSs, which will 

experience different degrees of through-space interactions, and/or ii) the identity of the spectator species, 

which may impose attractive or repulsive interactions on different surface-bound species. Our review of 

prior reports also indicates that the type of catalyst model (i.e., flat periodic super cells vs. curved 

nanoparticle models) can impact such trends.61,62 Further studies are thus needed to explore the applicability 

of linear scaling relationships at high coverages, including factors that lead to exceptions, for diverse 

chemistries and surfaces.  

Alternative to deriving BEP relations explicitly from calculated energetics, the so-called weighing 

factor (ω) method instead defines the slope of the line based on a property indicative of the ‘earliness’ or 

‘lateness’ of a TS. In this way, the chosen weighing factor is used to relate the activation energy barrier to 

the reaction energy at varying coverages:5,29,37,53 

𝐸𝑎,𝑓(𝜃𝑗) = 𝐸𝑎,𝑓 + ω(∆𝐸𝑟𝑥𝑛(𝜃𝑗) − ∆𝐸𝑟𝑥𝑛)     (15)   

Here,  𝐸𝑎,𝑓 and ∆𝐸𝑟𝑥𝑛 are constant, coverage-independent values whereas ∆𝐸𝑟𝑥𝑛(𝜃𝑗) and 𝐸𝑎,𝑓(𝜃𝑗) are the 

coverage-dependent reaction energy and activation barrier, respectively. For a given coverage 𝜃𝑗 , the 

change in the magnitude of ∆𝐸𝑟𝑥𝑛 due to coverage effects is calculated, and a portion of that change is 

distributed - according to the magnitude of ω - to 𝐸𝑎,𝑓. The reverse barrier is then calculated from Eqn. 5.

 Note that the important physical distinction between the weighing factor method and the empirical 

BEP relationship is that the slope of the line described by Eqn. 15 is an independent parameter based on a  

property of an elementary step (i.e., the earliness/lateness of the involved TS). In contrast, using a BEP 

relationship to predict coverage-dependent activation barriers requires explicit calculations of coverage-

dependent TS’s to initially parametrize (i.e., quantify the slope of) the line. For an early TS that is initial-
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state-like (i.e., ω = 0), 𝐸𝑎,𝑓 remains fixed, and the required change in energy is implicitly applied to 𝐸𝑎,𝑟 

via Eqn. 5. For a late TS that is final-state-like, ω = 1, and the required change in energy is applied wholly 

to 𝐸𝑎,𝑓. These two extremes present scenarios where case (i), described in Section 2.2, might be applicable, 

though incorporating ω provides a physical justification. For 0 < ω < 1, the change is distributed across 

both 𝐸𝑎,𝑟 and 𝐸𝑎,𝑓. Note that it is necessary to apply the constraints that all barriers (forward and reverse) 

are positive, as Eqn. 15 may lead to unphysical negative barriers in some cases. An important implication 

of the weighing factor method is the underlying assumption that the earliness/lateness of a TS at low-

coverage conditions remains the same at high-coverage conditions, which may be inappropriate if the 

reaction energy changes dramatically with coverage; the Hammond’s postulate suggests that the TS 

becomes more product-like (late TS) as the reaction becomes more endothermic.63,64  Another key challenge 

is that the predicted 𝐸𝑎,𝑓 values are sensitive to the choice of a quantifiable property to calculate ω, which 

requires normalization against defined initial-state or final-state values. The weighing factor has previously 

been based on coverage-dependent variations in initial- and final-state adsorption energies53; alternatively, 

a quantifiable geometric property such as a normalized bond length could represent the degree of bond 

formation/dissociation of an elementary step, and consequently the position of the TS along the reaction 

coordinate. A consistent and uniform method for calculating ω is not yet defined in the field.  

Importantly, a key application of MKMs is low-cost, high-throughput, descriptor-based catalyst 

screening;5 as such, it is convenient to utilize scaling relationships for on-the-fly coverage-dependent 

activation barrier or TS energy predictions. However, the use of scaling relationships to predict kinetic 

parameters at high-coverage conditions relies upon the preservation of the BEP relation at high-coverage, 

which may not apply for all chemistries, including for example those listed in Table 1. We acknowledge 

that when comparing the relative performance of catalysts, uniform errors across catalysts may not alter 

predicted trends in activity or selectivity – i.e., the shape of the volcano plot. For example, Grabow and 

coworkers reported that coverage-dependent MKMs with TS energies described by scaling relationships 

and lattice-based kMC simulations, that explicitly consider spatial distributions of surface species, predicted 

the same trends across metals (reactivity, rate-limiting steps) for the CO oxidation reaction.1 Still, further 

studies are needed to define the range of applicability of BEP relationships for predicting trends across 

materials or elucidating detailed reaction mechanisms on a single material in high-coverage catalytic 

systems.  

2.3.2. First-principles calculations of coverage-dependent TS energies  

Conducting explicit DFT calculations in the presence of spectator species (i.e., MASI(s)) is the most 

intensive method for determining coverage-dependent TS energies. This method attempts to determine the 

first principles-based energetics of TSs in the presence of spectator species, thereby accounting for lateral 
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interactions in both thermodynamic and kinetic parameters within the MKM. As discussed earlier, these 

calculations are necessary to generate a high coverage or coverage-dependent BEP relation distinct from 

the low-coverage BEP relation, as described in Section 2.3.1. The primary challenges of conducting these 

calculations arise in the nontrivial design of atomic-scale models for DFT calculations and the large number 

of permutations for different geometries of adsorbates. The number of calculations may be reduced by 

applying coverage-dependent TS searches to only a few kinetically relevant steps, if the identity of 

kinetically relevant step(s) is known. However, identifying these steps requires some knowledge of the 

model solutions, imposing a circular problem, as steps that are predicted to be kinetically relevant based on 

model solutions parameterized by low-coverage DFT calculations may differ from those parameterized by 

high-coverage DFT calculations.  We also reiterate that mean-field model solutions cannot distinguish nor 

predict spatial adsorbate configurational effects on reaction rates. However, the configuration of adsorbates 

in atomic-scale models will affect the DFT-derived energetics used to parametrize a mean-field model 

through lateral interactions. Various strategies have been implemented in the literature to reduce the 

computational cost and the number of DFT calculations required to directly compute coverage dependent 

energetics, and these are briefly discussed here. 

 

(a) Performing TS searches on size-reduced periodic unit cells  

The size of the periodic unit cell is a key attribute of DFT surface simulations that impacts 

computational cost and is also directly related to surface coverage. Using a small unit cell reduces the cost 

of the DFT calculations, which are well-known to scale cubically with the number of electrons in the system. 

Yet, the use of smaller unit cell sizes also limits the granularity of a periodic model and increases the 

incremental surface concentration of all species.  For example, consider a periodic slab model for which a 

2×2 unit cell contains four exposed metal atoms (Fig. 3). Following convention, the unit cell is defined as 

having four possible active sites in microkinetic models, where a single adsorbate within the unit cell has a 

fractional coverage denoted as 1/4 ML. A 2×2 model can only capture 1/4 ML increments of coverage for 

an adsorbate that occupies a single site, in contrast with a larger 3×3 unit cell with nine surface atoms, that 

can capture smaller 1/9 ML increments. This difference may result in slightly different parameters for the 

fitted equations of coverage-dependent energies (i.e., Eqn. 13). Interestingly, Vlachos and coworkers 

compared calculated activation barriers for ethanol and ethylene glycol decomposition reactions on 2×2 

and 3×3 surface slab models, and concluded that the different cell sizes had no statistically significant 

influence on BEP correlation parameters.65  

Others have also used relatively small unit cells to calculate coverage-dependent TS energies for 

application in MKMs.9,29  Yet, the possible site permutations of adsorbate configurations imposed by 

periodicity and exacerbated by use of a smaller unit cell may fail to capture physically relevant adsorbate 
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arrangements, which may be otherwise permitted on larger unit cells. For example, Hu and coworkers 

studied ordered CO* structures on Pt slab models and found that the periodic 4×4 unit cell could not 

capture the ordered (√3×√3)R30°-CO structure and, consequently, could not predict the coverage at which 

the preferred CO* adsorption site transitioned from bridge sites to top sites.66 Ultimately, reducing unit 

cell sizes offers a convenient but not inconsequential method for performing computationally tractable 

high-coverage TS searches. 

    
Figure 3. Relationship between unit cell size (red boxes) and the smallest increment of surface 

concentration (yellow) that can be simulated (monolayer, ML) for an m x m periodic slab model of a close-

packed (0001) hcp metal surface facet.  

 

 

(b) Calculating TS energies at incremental spectator coverages 

As with coverage-dependent binding energies (Eqn. 13), TS energies can be calculated in the 

presence of different concentrations of spectator species, such that 𝐸𝑇𝑆  is described as a function of the 

surface coverage of an intermediate(s), and 𝐸𝑇𝑆 values are updated iteratively within the MKM simulation:  

𝐸𝑇𝑆 = 𝑓(θj )          (16) 

In Eqn. 16, the independent variable is the surface coverage of an intermediate j, whereas in a BEP relation 

the independent variable is a coverage-dependent reaction energy. In both formalisms, due to the 

computational cost, the mathematical equation (i.e., Eqn. 16 or a BEP relation) is typically parametrized 

against a small set of DFT calculations (i.e., at few coverage increments). The discussion in this section 

focuses on the more general Eqn. 16, but we note that the challenges related to calculating TS energies at 

incremental coverages are relevant to parameterizing BEP relations as well. Yang and coworkers, for 

example, calculated the energies of TSs involved in methanol synthesis on Cu(211) surfaces in the presence 

of incremental equilibrated concentrations of bidentate formate spectators and reported the corresponding 

activation barriers, which can be used to generate Eqn. 16.16  Representative activation barriers and TS 
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geometries from this study for the CO2 hydrogenation (CO2* + H* → COOH* + *) and CO2 dissociation 

(CO2* + * → CO* + O*) elementary steps are shown in Figure 4.   

 

 

Figure 4. Optimized configurations and calculated activation barriers of (a – c) COOH formation and (d – 

f) CO2 dissociation on (a, d) clean Cu(211) and Cu(211) with (b, e) 1/12 ML and (c, f) 1/6 ML pre-adsorbed 

formate. The spectating formate species are shown as sticks, while the reaction intermediates are presented 

as balls and sticks. Reproduced from 16.  Copyright 2017 American Chemical Society. 

 

  A significant component of the computational cost involved in determining the functional form of Eqn. 

16 lies in finding the most stable (equilibrated) arrangement of spectator species at each incremental 

coverage, as there are multiple atomic configurations congruent with a single surface concentration. Finding 

the minimum-energy configuration of spectator species for a given surface concentration typically requires 

first optimizing the model system for each spectator concentration (e.g., finding the local minima). The 

arrangement of spectator species at a given concentration is then defined as the lowest-energy configuration 

among all optimized configurations (e.g., the global minimum). This optimization process may be repeated 

for each species (adsorbate or transition-state), as different configurations of spectators will influence the 

stabilities of other bound intermediates. As an illustrative example, the effect of spectator configuration on 

the adsorption energy of an intermediate is demonstrated in Figure 5. A hydroxyl (OH*) group is adsorbed 

in the presence of two different configurations of 2/9 ML CO* on Ru(0001). Distinct CO* arrangements, 

even at a single concentration, result in OH* adsorption energies that differ by >10 kJ mol-1. These 

differences would ultimately impact the energies and geometries of elementary steps that involve OH* in 

the initial-, final-, or transition states. We note that the effects of different spectator concentrations are 

expected to be more significant for larger adsorbates that occupy more than one site (e.g., bidentate formate) 

or at higher coverages of spectator species, where lateral interactions would be enhanced.   
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 Incremental coverage calculations provide the form and parameters for Eqn. 16. Because generating 

the numerous permutations is a computationally intensive task, automating the process is ideal.15,67 Once 

interactions among adsorbates (e.g., the first and second neighbors) and adsorbate-surface are established, 

these datasets can also be used to parametrize cluster expansions (CEs), which describe lateral interactions 

among adsorbates by expanding the energy of a configuration into n-body interaction terms; the resulting 

expression is capable of predicting energies of any given configuration of adsorbates.4,33 When applied to 

TSs,68,69 this method generates an expression analogous to Eqn. 16. Machine-learning (ML) approaches 

have also been utilized to parametrize CEs or directly predict activation barriers at high coverage.70,71 

Ultimately, determining Eqn. 16 or CEs through rigorous, coverage-dependent TS calculations can be a 

computationally tractable option for simple reaction networks composed of small intermediates and few 

elementary steps.  

 

 

Figure 5. Top-view snapshots of OH* adsorbed on two different configurations (a, b) of 2/9 ML CO* 

spectators on 3 × 3 Ru(0001) periodic unit cells and the average OH* adsorption energy of the system. 

 

(c) Calculating TS energies with fixed spectator configurations  

If parametrizing Eqn. 16 is computationally intractable, one possible simplification is to fix the 

adsorption site of the spectator species in the presence of the reaction intermediates or TSs.  This removes 

the need to perform large numbers of calculations to search for the minimum-energy configuration of 

adsorbates at a given concentration of spectator species and can be motivated by some knowledge of 

adsorbate distributions provided by experiments (e.g., low energy electron diffraction (LEED) or scanning 

tunneling microscopy (STM)). For example, Schneider and coworkers used this approach to model reaction 

intermediates in the presence of spectator O* species on Pt(111) surfaces. The O*-atom locations were 

based on O*-coverage patterns derived from prior Monte Carlo simulations in corroboration with STM 

performed under O2 environments on Pt(111).72 We note that this simplification may fail to capture the 

global minima if the configuration (i.e., geometry or binding site) of spectator species changes as the 
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intermediates and TSs are introduced to the system.14 As such, the effects of this assumption on calculated 

energetics can be variable and difficult to determine a priori.   

 

(d) Calculating TS energies at a single representative spectator coverage  

  A commonly utilized simplification to parametrizing Eqn. 16 or a high-coverage BEP relation is 

to simulate a single, representative surface concentration of spectator species to generate a set of high-

coverage energetic parameters (i.e., values at a defined coverage rather than coverage dependent equations). 

The appropriate concentration can be informed by the low-coverage, steady-state MKM predicted MASI 

coverage or experimental kinetic and/or spectroscopic data. In this case, the calculated, high-coverage TS 

energies are fixed parameters in the MKM, under the assumption that the spectator coverage employed in 

the DFT calculations will be similar to the high-coverage, steady-state solution (i.e., coverage self-

consistent MKM). Mavrikakis and coworkers used this approach to describe coverage-dependent TS 

energies in a mean-field MKM describing formic acid decomposition, yielding TOFs, apparent activation 

energies, and apparent reaction orders in good parity with companion experiments.14 However, we note that 

utilizing a single, representative surface coverage for model parameterization limits the MKM to describing 

the range of conditions relevant to the chosen coverage and lacks the granularity in the coverage-dependent 

energetic parameters afforded by Eqn. 16.  

(e) Adapting low-coverage TS geometries to high-coverage systems  

 The computational complexity of conducting TS-searches in the presence of spectator species can 

be reduced by utilizing TS structures derived at the clean-surface limit (i.e., low coverage) as initial guesses 

for high-coverage TS optimization. Hu and coworkers utilized this method to determine TS energies in the 

presence of CO* spectators by optimizing the TS geometries at low-coverage conditions, fixing the 

resulting geometries, and generating permutations of TS and CO*-spectator arrangements at incremental 

concentrations.73 Once the global minimum configuration was found for a given spectator concentration, 

the authors performed a final refinement of the TS geometry in the presence of the CO* spectators via the 

constrained optimization scheme. This strategy circumvents the need for TS searches at incremental 

spectator concentrations, reducing the computational cost and complexity, but does not allow for 

consideration of more extensive effects of coadsorbates on the structure of the TS. 

  

3. Conclusions and future outlook 

 

Mean-field MKMs parameterized with DFT-derived energetics provide a powerful tool for 

determining reaction mechanisms, identifying key properties dictating catalyst performance, and screening 
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the vast space of catalytic materials for a targeted reaction. The field has made substantial progress towards 

defining best practices in describing coverage-dependent adsorption energies in MKMs,8,13,25,38,39 

facilitating predictions of adsorbate quantities that are critical in predicting accurate turnovers.   In this 

perspective, we expand on recent work in the field aimed at coverage-dependent descriptions of 

thermodynamic parameters by providing a systematic assessment of approaches for calculating and 

implementing coverage-dependent kinetic parameters within MKMs.   

Coverage-dependent thermodynamic (adsorption and reaction energies) and kinetic (activation 

barriers) parameters are inherently correlated within the MKM codes. Decoupling these values can lead to 

physically unrealistic solutions.  Several strategies implemented in the literature capture some degree of 

coverage effects on kinetic parameters while conserving computational cost. BEP relationships, which have 

been successfully applied in low-coverage MKM-based catalyst screening, can reduce the computational 

costs in explicitly calculating TS energies, by predicting coverage-dependent 𝐸𝑇𝑆  (or 𝐸𝑎,𝑓 ) based on 

coverage-dependent reaction energies. While there are several cases reported in the literature where the 

low-coverage BEP relations remain valid at high-coverage, several general exceptions to the universality 

of the BEP relation at high coverage environments are also identified. That is, when an elementary step that 

becomes more endothermic (exothermic) due to coverage effects does not exhibit the expected increased 

(decreased) activation barrier. Thus, whereas linear scaling relationships offer a convenient method for 

predicting coverage-dependent kinetics, there is a clear need for targeted studies exploring the applicability 

of BEP relationships at high coverages, including factors that lead to exceptions, for varied chemistries and 

surfaces.  

When linear scaling relationships are not applicable or known, it becomes necessary to conduct 

high-coverage TS searches for elementary steps. Various simplifications have been applied to execute such 

calculations using periodic surface models with a reasonable computational cost. These simplifications, 

while necessary for practical computational tractability, do imply restrictions on certain quantities and/or 

configurations of adsorbates and transition states. Thus,  several practical questions remain about the 

physical relevance of these assumptions and the effect on the resulting high-coverage TS energy, and 

corresponding MKM predictions, for diverse systems. We note that most published reports of high-

coverage TS calculations involve systems with relatively small, single-site spectator species (CO*, O*, 

NO*),8,9,14,54 with bidentate formate representing one of the largest spectators evaluated;16 describing 

systems with larger MASIs will require approaches that reduce the computational cost relative to those 

currently available. Recent advances in the field have utilized ML methods to predict coverage-dependent 

adsorption and/or TS energies, or to parametrize cluster expansions that describe high-coverage 

energies.70,71 Further development of these predictive models will play a key role in reducing the total 

number of calculations necessary to describe high-coverage kinetic parameters, thereby enabling more 
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facile construction of coverage-dependent MKMs for larger reaction networks and reacting species. Yet, 

ML approaches also rely on DFT-derived training data, further highlighting the need to establish physically 

relevant methodologies for high-coverage TS searches in atomistic models.   

 Challenges in establishing effective approaches for integrating coverage-dependent kinetic 

parameters in MKMs are exacerbated by sporadically documented methods describing the approach used 

to estimate high-coverage TS energies and incorporate coverage-dependent kinetics into MKMs, and the 

lack of direct benchmarking of MKM kinetic parameters. It is inferred that small changes in DFT-derived 

parameters will lead to dramatic changes in MKM solutions, based on the exponential nature of rate and 

equilibrium constants. We note that MKMs are often validated against macroscale steady-state kinetic data 

(e.g., TOFs, Eapp, reaction orders),15,29,54,67,74 despite the possibility that multiple solutions can lead to steady-

state predictions in good parity with experiments. Thus, while prior reports have notably documented the 

improved accuracy of models (TOFs, selectivities) upon the incorporation of coverage-dependent kinetic 

and thermodynamic parameters for specific reaction systems,15,27,28,53  there remains a gap in understanding 

the accuracy of and errors associated with coverage-dependent kinetic parameters at the elementary step 

level and validation of the methods used for varying systems. To address this gap, there is a need for 

experimental data that would allow for benchmarking of elementary step energetics computed at high 

coverage alongside investigations focused specifically on establishing best-practices for estimating and 

incorporating coverage-dependent kinetics in MKMs. This further research will be instrumental to 

advancing the utility of MKMs in heterogeneous catalyst development in increasingly complex reaction 

environments, such as those found in diverse chemistries important for mitigating greenhouse gas emissions 

and decarbonizing the energy and chemical sectors. 
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