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Abstract: 

Carbon dioxide (CO2) recycling holds promise to mitigate anthropogenic emissions and to increase 

the sustainability of many chemical and fuel production processes. Despite marked advances in 

catalyst activity and selectivity at laboratory scale, fundamental understanding of the 
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electrocatalytic reduction of CO2 remains limited, resulting in great uncertainty when extrapolating 

data to industrially relevant reaction rates. Importantly, the predominant models apply linear Tafel 

extrapolation, which drastically overpredicts the current density at large overpotentials. 

Researchers have posited several models to explain the curvature in Tafel behavior for CO2 

reduction catalysis. Here we compare the ability of select models using Bayesian inference to 

explain curvature in Tafel behavior within the context of CO2 reduction to CO catalyzed by gold 

surfaces. By harvesting Tafel data on gold surfaces from multiple literature sources in a variety of 

reactor configurations, we identify three important features common to the aggregate data on Au-

mediated CO2 reduction: (1) curvature in the Tafel plot at high overpotentials is only partly caused 

by mass transfer limitations; (2) the Marcus-Hush-Chidsey model for rate-limiting single-electron 

transfer kinetics provides the best fit to the data of the models tested; and finally, (3) the highly 

varied data collapse onto a single curve governed by the maximum predicted current in the 

electron-transfer-limited model. This analysis sets a foundation for determining more accurate 

activity-driving force relationships for CO2 reduction on electrocatalytic surfaces, both improving 

the quality of system-level analyses and motivating further research into the underlying 

mechanisms of CO2 reduction catalysis. 
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Introduction: 

The electrochemical reduction of carbon dioxide (CO2)
1–5 is an increasingly well-studied process 

with the potential to both mitigate greenhouse gas emissions6 and provide new revenue streams 

through valorization efforts. In recent years, researchers have designed advanced electrocatalysts 

and reactors that efficiently transform CO2
7–9 to formate,10–13 carbon monoxide (CO),14–18 

methane,19,20 ethylene,21–23 and many other species of interest.24–27 Nevertheless, the fundamental 

reaction pathways even for the simplest CO2 reduction reactions remain widely debated.14,28–39 

This knowledge gap contributes to an incomplete understanding of the relationship between 

catalytic rate and applied driving force, which, in turn, inhibits progress towards improved 

catalysts, reactor designs, performance models, or technoeconomic forecasts. The classical Butler-

Volmer (BV) kinetic model is used widely to relate the current density to overpotential. This model 

posits that the activation barrier for an interfacial charge transfer reaction varies proportionally 

with changes in the applied overpotential. The proportionality constant describing this relationship 

is the transfer coefficient, α, which is assumed to be constant across all overpotentials within the 

BV model.40–43 Consequently, the BV model predicts that Tafel plots of overpotential versus the 

logarithm of the current will be linear over a moderate to large over-potential range, over which 

the reverse reaction is negligible and mass transport effects are minimal. Tafel analysis has been 

broadly applied to CO2 reduction to obtain insights into reaction mechanisms or catalytic activity. 

Interestingly, we have observed characteristic curvature of the Tafel data across multiple orders 

of magnitude of current densities, both throughout the published literature and our own 

experimental work. This phenomenon persists regardless of different reactor systems, reactant 

delivery methods, and catalyst structures, despite all investigating identical reaction chemistry.44–

51 Typically, curvature in the Tafel behavior for CO2 reduction catalysis has been attributed to: (1) 
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mass transfer limitations of CO2 at the electrode surface,39 (2) uncompensated film resistance,52 or 

(3) homogeneous reactions changing the local environment (e.g., pH, electrolyte composition, 

double-layer charge) of the electrolyte near the electrode surface.39,53 When mass transfer is the 

rate-controlling process, the CO2 reaction rate is limited by the flux of one or more reactants to the 

surface, not by the inherent kinetics of the reaction, causing a potential-independent current density 

plateau beyond a certain applied overpotential. These effects have been simulated using a multi-

scale coupled mass-transfer and kinetic model.39 However, this model predicts a sharp curvature 

of the Tafel slope which is at odds with experimental data showing a more smooth variation in 

Tafel slope. Transport effects have also been explicitly accounted for using rotation cone 

electrodes and these studies still reveal a characteristic curvature in the Tafel data for Au CO2 

reduction.37 Film or series resistance, which is distinct from high-frequency resistance (typically 

100-102 Ω cm2), represents non-distributed ohmic loss13,54 that can induce Tafel curvature at large 

current densities. Film resistances are commonly invoked in models of lithium-ion batteries, where 

passivating solid-electrolyte interphase films are known to spontaneously form and grow at the 

electrode-electrolyte interface.55–57 However, operando spectroscopic studies provide no evidence 

of passivating film formation during CO2 reduction on Au electrodes.37 Moreover, the empirical 

introduction of series resistances within a BV kinetic model can mask inherent electrokinetic and 

quantum-mechanical contributions to the curvature of a Tafel plot.58–60 Finally, it has been 

recognized that, due to the sluggishness of the CO2 bicarbonate equilibrium, there exists a 

pronounced increase in local pH at the catalyst surface, which is only further exacerbated for 

porous catalysts and at high current densities. However, CO2 reduction catalysis on Au has been 

found to be independent on the proton donor and pH environment37,61 making this pH swing an 

unlikely contributor to Tafel curvature. For sufficiently high local pH values, the formation of 
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carbonate has been invoked as a cause of curvature in the Tafel behavior.53 However, inclusion of 

this homogeneous reaction into electrochemical kinetic models of CO2 reduction still generated 

non-linear scaling of reaction rate with applied overpotential. The foregoing discussion provides 

strong motivation for developing kinetic models of CO2 reduction on Au that go beyond classical 

BV formalisms.  

Although our observations and analysis are applicable to both Au and Ag14,62–66 catalysts for the 

reduction of CO2 to CO, we elected to focus only on Au catalysts because this restricted scope 

enables a deeper investigation of a widely studied catalyst that displays high faradaic efficiencies 

for CO at modest overpotentials. A representative subset of the aggregated data is shown in Table 

1, where the relevant information for each data set is: (1) identification number used in this work, 

(2) the type of Au catalyst, (3) the supporting material, (4) the metal cation of the bicarbonate salt 

and its concentration, and (5) the reference from which the data was obtained. An analogous 

workup for CO2 reduction to CO on silver (Ag) catalysts is presented in the Supporting 

Information, yielding comparable results. These data are plotted in Figure 1 and exhibit the 

observed onset in curvature between 300 – 500 mV overpotential. Clearly, the BV model would 

significantly overpredict the currents observed at overpotentials beyond this range, as discussed 

above. Interestingly, common trends in curvature are observed irrespective of whether the data 

were collected on a rotating37 or stationary electrode and common trends persist across orders of 

magnitude differences in the absolute currents, suggesting that neither series resistances nor mass 

transfer effects adequately explain the curvature.  

Table 1: Literature data with Au catalyst materials used for kinetic modeling analyses. Each trace 

is assigned a unique numerical identifier, the catalyst form, the supporting material if applicable, 
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and the electrolyte composition. For additional information a reference is provided. *Unpublished 

data from Brown et al. 

# Au Form 
Catalyst 

Support 
M+ [M+] 

/ M 

147 Foil – K+ 0.1 

248 Functionalized – K+ 0.1 

348 Nanoparticles 
Carbon 

Black 
K+ 0.1 

449 Foil – Na+ 0.5 

549 
Oxide-

Derived 
– Na+ 0.5 

650 Nanoparticles 
Carbon 

Nanotubes 
Na+ 0.5 

750 Nanoparticles 

Carbon 

Nanotubes 

Annealed 

at 400°C 

Na+ 0.5 

851 
Inverse Opal 

Films 
– K+ 0.1 

9* Nanoparticles 
Carbon 

Black 
Na+ 0.5 
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Figure 1: Tafel plot of literature data for the electrochemical conversion of CO2 to CO on Au 

catalyst materials 

Marcus67–69 and Hush70–72 developed theories to fundamentally describe both homogeneous and 

electrode-based outer-sphere electron-transfer reactions, where the reorganization energy is 

dominated by the classical electrostatic solvation energy. Around the same time, Dogodnadze, 

Chizmadzhev, and Kuznetsov developed the quantum-mechanical theory of electron transfer,73–75 

including inner sphere reactions, where the reorganization energy is dominated by molecular 

vibrations and leads to a similar mathematical form,76–78 which provided critical insights in the 

fields of chemistry and biology.77–80 For metallic electrodes, the theory predicts similar types of 

sublinear and/or inverted Tafel behavior, which were subsequently validated by Chidsey’s 

experiments of electron transfer kinetics between a Au electrode and a ferrocenyl self-assembled 

monolayer.41 Although the resulting Marcus-Hush-Chidsey (MHC) model has been successfully 

applied to electrochemical systems,42,81 its broader application in electrochemical kinetics has 

lagged the classical BV model due, at least in part, to its mathematical complexity. The recent 

availability of simple analytical approximations58,82 has simplified the implementation of the MHC 

model to fit experimental data.59,60 Recently, CO2 reduction data on Au has been fit to a Marcus 

model to extract an estimated reorganizational energy and equilibrium potential for CO2 

electrosorption.83  

Here, we show that the MHC model effectively captures the Tafel curvature (Figure 1) observed 

for (inner-sphere) carbon dioxide reaction across a wide range of datasets for Au catalysts. While 

Marcus-type models are only strictly applicable to outer-sphere ET reactions, we take the MHC 

model as the best available proxy since no general analytic models currently exist that describe 

adiabatic inner-sphere charge transfer reactions at electrode surfaces. We describe a complete 
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analysis of the available models and their ability to fit the set of data mined from the literature of 

CO2 reduction on Au catalysts. Our study begins by describing the individual models and then 

compares them based on their ability to fit the CO2RR data sets. We rely on both the physical 

meaningfulness of best fit parameters to qualitatively compare the proposed models and the 

Bayesian Inference Criterion (BIC; vide infra) to quantify the observed differences.84 Rigorous 

quantitative analysis shows that the MHC model can be used to explain the curvature in the Tafel 

behavior. Through our meta-analysis, we find all of the data collapse to a common polarization 

curve, suggesting that CO2 reduction on Au follows the same mechanistic pathway, regardless of 

catalyst morphology or electrolyte conditions. This work motives a re-evaluation of Tafel analysis 

to include potential-dependent changes to the transfer coefficient. More generally, our work sheds 

light on a challenging problem within the CO2 reduction field and encourages more detailed 

investigations to elucidate underlying reaction mechanisms. 

Methods: 

Through this section, we present the mathematical formulations of the models and then the 

statistical metrics that are used to quantitatively compare any observed differences in the quality 

of the fits. 

Electrochemical Kinetic Theories: 

The ability to identify relationships between the observed reaction rate, as measured by the 

partial current density for CO, j, and the reaction overpotential, η, is a critical tool for analyzing 

electrochemical kinetics. The BV kinetic theory, shown in Equation (1), is most widely used 

current-potential relationship. Here j is the current density, which is positive for cathodic currents, 

j0 is the exchange current density, α is the charge transfer coefficient, η is the overpotential, and 
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the tilde denotes normalization to the thermal voltage, where R is the universal gas constant, T is 

the absolute temperature (assumed constant for these reactions), n is the number of electrons 

transferred per mole of product formed, and F is the Faraday constant. As the elementary steps of 

CO2 reduction to CO reaction remain widely debated, we performed this entire meta-analysis on 

the overall reaction, where the standard reduction potential is -0.10 V and two moles of electrons 

are transferred to produce one mole of CO. The two fitting parameters for the BV model are the 

charge transfer coefficient and the exchange current density. 

 ( ) ( )( )0 exp exp 1 ,        
nF

j j
RT

    
 

 = − − − =   
 

 (1) 

As described in the introduction, reactant transport limitations may convolute the reaction 

kinetics. We therefore analyzed a BV model with mass transport considerations, such as CO2 

diffusion to the reaction sites. Specifically, the overpotential is partitioned (Equation (2)) between 

a mass transfer overpotential, ηT, which is a function of the limiting current density, jlim, 

(Equation (3)), and the kinetic overpotential, ηK, which is normally calculated through the Butler-

Volmer model (Equation (4)). In this way, the limiting current density provides an additional 

parameter to which the data may be fit: 

 K T  = +  (2) 

 ln 1T

lim

j

j


 
= − 

 

 (3) 

 ( ) ( )( )0 exp exp 1K Kj j    = − − −   (4) 
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Next, to account for Marcusian deviations from the BV theory, we examined a simplified 

Marcus-Hush-Chidsey model developed by Zeng et al.(Equation (5)), which makes the kinetic 

prefactor, k0, and reorganization energy, λ, calculable from fitted experimental data.58 The kinetic 

prefactor scales the current response to overpotential and is directly related to the maximum 

achievable current density. Given that an electron transfer is nearly instantaneous relative to 

molecular rearrangement, per the Franck-Condon principle, for a successful electron transfer to 

occur, the solvating molecules must exist in an unstable state relative to an equilibrium 

configuration. The energy required to create these unstable states is the reorganization energy used 

as a fitting parameter in this model. Importantly, this model assumes a rate-limiting single electron 

transfer controlling the rate of the overall 2-electron CO2-to-CO reaction. Because the equilibrium 

potential of the elementary charge transfer step is not known, the overpotential was calculated 

based on the equilibrium potential for the overall reaction. We note that calculating the 

overpotential in this manner will lead to an offset in the fitted reorganizational energy relative to 

the real value with the elementary step controlling the rate. Equation 5 assumes the reactants are 

in their standard states with 1M concentrations, but corrections for varying concentrations59,60 are 

small in the situations without mass transfer limitation considered here. 

 
2

0

1
tanh erfc

2 2
j k

  




 − + +   = −  
  
 

 (5) 

As stated in the introduction, curvature in Tafel analyses has been historically accounted for by 

incorporating an uncompensated series resistance term into a BV model.52,55,56 Series resistance 

measurements are commonplace in electrochemical cells and most modern hardware can identify 

and compensate for them using high-frequency impedance analysis. However, in lithium-ion 

batteries, uncompensated film resistances are known to develop during device operation due to 
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growth of a solid-electrolyte interphase film, especially at the anode.55 In these particular devices, 

this uncompensated resistance is sometimes inferred to be as large as 102 – 103 ohm cm2, albeit 

without any direct evidence of the film properties leading to the fitted values.55–57 In addition, it 

has recently been shown that generalized MHC theory of coupled ion-electron transfer kinetics is 

able to fit certain data more parsimoniously than BV with a series resistance.60 To investigate the 

impact that such large uncompensated resistances would have on our own models, we developed 

similar modifications incorporated in the “BV + R” and “MHC + R” models presented in 

Equation (6) and Equation (7), respectively. Internal resistance, Rint, is introduced in these 

equations making both three-parameter models. 

 ( ) ( )( )0 int int
ˆ ˆ ˆexp ( ) exp 1 ( ) ,         

nF
j j jR jR j j

RT
   

  = − + − − + =     
 (6) 

 

2

intint
0

ˆˆ 1 ( )( )
tanh erfc

2 2

jRjR
j k

  




   − + + ++
 = −  
    

 (7) 

Model Fitting and Goodness of Fit: 

We leveraged model fitting to solve for the best-fit parameters using the data sets presented in 

Table 1 to identify the most accurate model. Traditionally, updating the likelihood, p, of different 

models, m, relies on Bayesian inference, where some prior information about the likelihood of a 

given model, p(m), is informed by evidence, p(d | m), from newly collected data, d, to obtain a 

posterior likelihood distribution, p(m | d). Normalization of the posterior distribution is performed 

by summing over all possible models, as shown in the application of Bayes’ theorem, below. 

 
( | ) ( )

( | )
( | ) ( )i i

p d m p m
p m d

p d m p m
=


 (8) 
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While conceptually tractable, the model evidence, p(d | mi), necessary for computing the 

posterior distribution is only calculable by marginalizing the dependence on model parameters, θ, 

as shown in Equation (9). This necessitates prior distributions for the parameter values for the 

model of interest, p(θ | mi) resulting in a high dimensional integral that cannot be easily calculated 

through deterministic numerical approaches. Although stochastic methods have been developed to 

calculate these types of high dimensional integrals, they are sensitive to accurate integrand 

values.85–87 

 ( | ) ( | , ) ( | ) di i ip d m p d m p m=  θ θ θ  (9) 

In the case of the CO2 reduction specifically, and electrochemical kinetics more generally, there 

has been little application of Bayesian inference, and it is therefore difficult to assess the true prior 

distribution necessary to compute the posteriors, both for the individual models, p(mi), and for the 

parameters within each model, p(θ | mi). Despite this uncertainty, approximations have been 

developed that can be used in cases such as this, where there is significantly more data than 

parameters in any of the models. One such approximation is the BIC (Equation 10), which is a 

direct approximation of the Bayes factor by assuming large N and independent, identically 

distributed data.88,89 This information criterion can be used to compare models with different 

numbers of fitted parameters to determine the relative likelihood that a certain model describes the 

observed data. Here, θ* are the best fit parameters which minimize the sum-squared error, N is the 

number of measurements, and k is the degree of the model, such that θ ∈ ℝk. With this metric, the 

most likely model will have the lowest BIC. 

 ( ) ( )( )*BIC ln lni iN k= − θ  (10) 
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The likelihood of a certain set of parameters, (θ), is defined as the probability of observing 

certain data given knowledge of those parameter values and specific model, p(d | θ, m) = m(θ). 

In the case of measuring CO2 reduction kinetics, the observed data is a deviation between the 

model predicted current density and the experimentally-measured current density under the same 

conditions. In our models, we assume that these errors are normally distributed on the log-scale, 

such that as the magnitude of the current increases, so too does the magnitude of the error. 

Therefore, the residuals for a given model (d = εm ∈ ℝN) are defined as the difference of the log of 

the current (i.e., the Tafel plot differences) not simply the difference of the current (i.e., 

polarization plot differences), as shown in Equation (11). For this analysis, we also assume that 

the residuals are independent, exhibit a Gaussian distribution with zero mean, and a variance 

corresponding to the measurement uncertainty. 

 ( ) ( ),( ) log ( ; ) logm pred m meas= −ε θ j η θ j  (11) 

Here, jmeas ∈ ℝN is the vector of experimental measured current densities, while jpred ∈ ℝN is the 

vector of current densities predicted by using the set of kinetic parameters θ ∈ ℝk with model m at 

the experimental overpotentials, η ∈ ℝN. The likelihood of these data (Equation 12), obtained from 

the assumed Gaussian distribution, is shown below, where σ2 ≈ 0.1 is an estimate of the 

measurement variance obtained from the literature (see supplementary information). 

 ( )
( )

( )
2

2

/2 22

1
( | , , ) exp

22

m

m N
p m



 
 = = −
 
 

ε θ
ε θ θ  (12) 

To accurately fit each of the models to the data, we seek the maximum likelihood that the data 

would be observed given the set of kinetic parameters and experimental conditions, which will 
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consequently minimize the BIC for a particular model. Practically, the likelihood maximization to 

identify the best fit parameters, θ*, is performed by minimizing the sum of squared residuals, as 

shown by Equation (13). 

 ( ) ( )
2* arg max arg minm m m= =

θ θ

θ θ ε θ  (13) 

For performing each of these minimization and fitting tasks, the built-in optimizer fmincon was 

used in conjunction with the nonlinear system solver fsolve in MATLAB R2018a. To compare 

individual models, we calculated the BIC according to Equation (10) where the model with the 

lowest BIC value best describes the reported data. 

Results & Discussion: 

Experimental data point strongly to the mechanism of CO2 reduction on Au involving rate-

limiting charge transfer to initiate CO2 electrosorption.37,53,61 Within this mechanistic framework, 

we compare the ability of five electrochemical models to explain the existence of curvature in 

Tafel plots for the conversion of CO2 to CO. Specifically, we examine the conventional BV model, 

BV with mass transport considerations, an approximation to MHC, and film-resistance-modified 

versions of BV and MHC. The BV model is fit for the overall reaction, agnostic to the mechanistic 

details, whereas the MHC model makes only the implicit assumption that a single electron charge 

transfer limits the rate. To qualitatively contrast the models, we estimate their goodness of fit to 

the experimental data, analyzing their ability to capture functional form through residual analysis 

and evaluating their fitting parameters. Then, we quantitatively contrast the models using the BIC 

metric, and subsequently normalize the experimental data by either the exchange current density 
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or kinetic prefactor. Finally, we show the impact that incorrect electrochemical kinetic models may 

have on predicted economic performance of CO2 reduction chemistry. 

Butler-Volmer Kinetics and Mass-Transfer Deviations 

Using the fitting methodology described above, the selected data sets (Table 1) were fit to the 

BV kinetics, as shown in Figure S1. This fitting clearly demonstrates model-data mismatch 

between the effectively linear BV model, and the curved Tafel data, as seen by residual analysis 

(Figure S2) with under-prediction of reaction rates in the intermediate region and over-prediction 

at extrema. Clearly, the trend observed in these residuals indicates an incompleteness with the BV 

model for describing CO2 reduction. Expanding on the results of the curve fitting, we examined 

differences in the physically important fitting parameters. In the model, the exchange current 

density (Figure S3) acts as a scale factor to account for, amongst other things, different active 

surface areas but does not change the physical behavior, whereas the charge transfer coefficient 

only changes as a function of reaction chemistry. From the best fits, the charge transfer coefficient 

is 0.17 ± 0.07. While this value is close to the predicted transfer coefficient of 0.25 for a rate-

controlling single electron exchange within a net two electron reaction,90 this BV model cannot 

reconcile the large variation in values or the aforementioned trend in the residuals. 

As described in the introduction, mass transport limitations may cause curvature in the Tafel 

plots that convolute extraction of kinetic parameters. The best fits for the BV model with mass 

transport (BV + MT) are shown in Figure 2a. At low overpotentials, the mass transport plays an 

insignificant role (i.e. ηMT ≈ 0), and the model displays linear Tafel behavior similar to an 

unmodified BV; however, as overpotential increases, there exists sharp curvature followed by a 

plateau corresponding to the diffusion-limited current density. Assuming standard temperature and 

pressure, the concentration of dissolved CO2 in aqueous electrolyte is < 35 mM and the diffusion 
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coefficient is ca. 1.6 × 10-5 cm2 s-1.91 The mass-transport-governed-limiting-current-density can be 

calculated through Equation (14) where LBL is the thickness of the boundary layer over which the 

CO2 must diffuse, D is the diffusion coefficient, and CBulk is the concentration of CO2 dissolved in 

the bulk electrolyte solution. A plot of limiting current density as a function of boundary layer 

thickness is shown in Figure S4. For reference, boundary layers of 10, 50, and 100 µm enable 

limiting current densities of ≈ 110, 20, and 10 mA cm-2, respectively. Experimental boundary 

layers for planar electrodes have been measured to be ca. 70 µm92 and order of magnitude estimates 

place the boundary layer thickness ca. 100 µm.54,93 

 
Bulk

lim

BL

C
j nFD

L
=  (14) 

Due to the fitting procedure minimizing residuals without mass transport-informed constraints, 

some data sets contain individual data points exceeding the best-fit limiting current density. 

However, any additional constraints on optimization would result in lower quality fits and larger 

residuals than those shown in Figure S5. Regardless, the radius of curvature during the transition 

between kinetic and mass transfer control in the fitted result is much smaller than that of the 

experimental Tafel data and demonstrates, at least qualitatively, the inability of the model to fit 

the data accurately, although it represents an improvement over unmodified BV kinetics. 
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Figure 2: Analysis of the BV model with mass transport consideration showing the (a) best-fit 

curves overlaid on the experimental data, (b) charge transfer coefficients, and (c) boundary layer 
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thickness corresponding to the limiting current density, where the shaded area shows physically 

relevant regions. 

The best-fit charge transfer coefficients span more than 30% of the allowed range between 0 and 

1, indicating that a single physical value does not describe all the data sets despite the shared 

underlying chemistry. Similarly, the fitted limiting current densities span almost two orders of 

magnitude, translating to the large variations of boundary layer thicknesses observed in Figure 3c. 

Concerningly, the majority of the fitted boundary layer thicknesses exceed 100 μm in length, which 

is likely the largest dimension that gas might diffuse across a liquid interface in a porous 

electrolyte. Meanwhile, the largest boundary layers suggested by this analysis approach a 

centimeter in length, which is largely outside the realm of possibility for the physical systems. 

Indeed, given the similarities in curvature despite orders of magnitude differences in experimental 

current density and fitting parameters, it is unlikely that such curvature could be attributed to mass 

transfer alone. 

Marcus-Hush-Chidsey Kinetics 

As discussed in the introduction, the MHC kinetic model can account for Tafel plot curvature 

without invoking mass transfer or film resistance artifacts. The MHC fits shown in Figure 3a 

closely approximate the experimental data due to their inherent curvature, giving rise to well-

distributed residuals (Figure S7). The kinetic prefactor (Figure S8), which is related to the 

maximum attainable current density at large absolute overpotentials (|η| → ∞) spans several orders 

of magnitude which, again, may be reasonable given changes in active catalyst area. The calculated 

reorganization energies, the energy required to distort the solvation shell to a non-equilibrium 

configuration, all fall in the range of 1.0 ± 0.2 eV. As noted above, the overpotentials in the MHC 
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fits were calculated based on the equilibrium potential for the overall reaction, not the elementary 

step controlling the MHC rate. Thus, we expect that the extracted reorganization energies are offset 

by some unknown scalar value depending on the actual equilibrium potential of the elementary 

step in question. Indeed, perhaps reflecting this scalar offset, the optimized reorganization energies 

we find are slightly higher than the 0.75 eV value extracted recently from fitting both the 

equilibrium potential and reorganization energy for the elementary CO2 reduction step to a 

Marcus-Hush-Levich model.83 Nonetheless, the good fit of MHC kinetic model to the 

experimental data bolsters the validity of this formalism relative to a BV model for CO2 reduction 

on Au.   
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Figure 3: MHC analysis showing the (a) best-fit curves overlaid on the experimental data and (b) 

reorganization energies extracted from the fits.  

Series Resistance Modification to BV and MHC 

The BV + R and MHC + R model fits are shown in Figure S9, respectively, and show good 

qualitative agreement with the experimental data; however, the parameters that govern form, in 

this case the charge transfer coefficient (Figure S9c), reorganization energy (Figure S9d), and film 

resistances (Figure S9e and Figure S9f), display large variation that is likely indicative of over-
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fitting. Specifically, the charge transfer coefficients for the BV + R model range from 0.2 to 0.8, 

demonstrating little agreement or consistency between the data sets, again despite shared 

fundamental process chemistry. Similarly, the reorganization energies for the MHC + R model 

range from 1.2 to 3.3, a significantly larger range than the best-fit values from the MHC model 

alone. Interestingly, the film resistances for both models are similar (101-103 Ω cm2) and match 

the order of magnitude of prior reports, suggesting that this component dominates the fit. However, 

ascribing physical meaning to these film resistance values is difficult as no corroborating evidence 

of passivating film development has been presented in the CO2 reduction literature and the 

mechanism by which such a film might form is unclear in an aqueous electrolyte solution under 

reducing conditions. 

Quantitative Model Comparison 

Thus far, goodness of fit and model comparison has been qualitative and based largely on the 

feasibility of the best fit parameters. Accordingly, we calculated the BIC metric to quantify the 

accuracy and predictive capability of the different models under investigation (BV, MHC, BV + 

MT, BV + R, MHC + R). As described in the Methods section (vide supra), a lower BIC indicates 

greater veracity of the model. The BIC values are shown for the individual data sets 1-9 that have 

been fitted throughout the manuscript, and for each individual model that they were fit to, in Figure 

4. In these data, the BIC for the MHC model is consistently lower than that of any other tested 

model. Despite the limited data in each individual set (7 < N < 14), the aggregate strengthens the 

conclusion of MHC being a more likely model than any of the others examined. 
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Figure 4: Computed BIC for each of the representative data sets presented, comparing the different 

models, where a low BIC corresponds to a higher model veracity.  

As all the data harvested within this manuscript are of the same reaction, on the same catalyst, 

with similar electrolyte solutions, but varying in catalyst morphology (e.g., surface area), there 

should be shared fundamental behavior that underlies all data sets. Therefore, given the apparent 

applicability of the MHC model as shown above, we anticipate an ability to collapse the disparate 

data sets onto a governing curve by an appropriate scaling of the relevant parameters. To evaluate 

this hypothesis, we define a normalized current, which is the ratio of the measured current to the 

best-fit maximum achievable current obtained from the MHC model, shown in Equation 16, 

below. 

 
02

measj
j

k 
=  (15) 

The effect of this normalization is seen below, in Figure 5, where the data sets collapse in a 

window spanning about 0.5 decades on the Tafel plot likely due to convolutions between imprecise 

experimental measurements and nonzero confidence intervals surrounding the fitted parameters. 
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Additionally, to increase the credibility of the analysis, we incorporated alternate (alt) Au data sets 

from the literature in the figure.28,50,51 The MHC model superiority can be further supported by 

showing the inability of the remaining models to collapse the data with their model-specific fitted 

current scales (Figures S15-S18), and best-fit film resistances that lie well outside the range of any 

reasonably explainable value (Figures S19 and S20). 

 

Figure 5: Normalized data sets that are aggregated into a single set for model fitting and 

comparison. 

To demonstrate the possible impact of model selection on electrochemical engineering design, 

we consider the techno-economic model that was previously developed by one of the authors, 

leveraging the BV model.94 Based on this original analysis, the cost to the consumer is highly 

sensitive to the applied current density. Given the low cost of electricity compared to the high price 

of capital equipment, the minimal production cost is achieved when the current density is nearly 

the limiting current density achieved by mass transfer to the surface. However, the analysis 

presented in this manuscript suggests that a kinetically limited current exists below the mass-
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transfer limiting current for the reduction of CO2 to CO, indicating that the true minimum cost may 

be orders of magnitude different than originally predicted. In Figure 6 we show the minimum cost 

of CO produced by CO2 reduction as a function of the MHC limiting current density, 2k0(πλ)1/2, 

obtained using λ = 1 eV while varying k0, compared to the minimum cost obtained at the mass-

transfer limiting current density of ca. 500 mA cm-2 used in the original manuscript by Orella et 

al.94 Clearly, to have an accurate sense of the techno-economic promise of electrochemical 

upgrading schemes, the correct electrochemical kinetic model is a necessary component. To that 

end, it is imperative that researchers investigating the plethora of electrochemical upgrading 

schemes of interest begin considering alternative electrochemical kinetic descriptors in both their 

experimental and modeling efforts.  

 

Figure 6: Difference between the estimated cost of CO production when using the BV model and 

an MHC model with varying maximum currents, with a mass-transfer limited current of ca. 500 

mA cm-2. As the maximum attainable kinetic current approaches the mass-transfer limited current, 

the deviation between the two models is vanishingly small. 
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Conclusions: 

In summary, this work fit a variety of electrochemical models to a survey of experimental 

literature data on Au catalysts to gain insight into the kinetics of CO2 reduction to CO. First, we 

motivated the need for accurate electrokinetic models to advance techno-economic feasibility 

analyses and inform operational process decisions. Then, we analyzed BV- and MHC- based 

models, including some with modifications to account for mass transport or series resistance 

during charge transfer, to qualitatively capture the functional form of the data with reasonable 

fitting parameters. Unmodified MHC kinetic theory was the only model to exhibit a consistent set 

of fitting parameters while also achieving a fit that visually agreed with the data. The validity of 

this model was strengthened by the results of a goodness of fit analysis, using Bayesian statistics 

that penalize overfitting, which determined that MHC kinetic theory was the model that was most 

likely to describe the data for every data set. Further, we normalized each data set by the kinetic 

prefactor from the MHC fitting, to account for differences in electrode morphology, and the data 

collapsed onto a single curve. Finally, we showed the financial impact that incorrect kinetic 

modeling may have on the economics of CO2 electrolysis. Overall, these results indicate that a 

Marcus formalism77–80 provides both a more accurate and a more physically informative picture 

than Butler-Volmer kinetics for CO2 reduction to CO. Lastly, we hope that these results inspire 

greater use of the MHC kinetic theory (in its simple analytical forms58,82
) to describe the CO2 

reduction reaction and motivate a renewed interest in developing and applying more rigorous 

models of inner-sphere charge transfer reactions that underlie important energy conversion 

reactions 
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Glossary of Terms: 

j Geometric current density A cm-2 

j0 Exchange current density A cm-2 

α Charge transfer coefficient  

η Overpotential V 

η̃ Dimensionless overpotential  

n Number of electrons  

F Faraday constant C mol-1 

R Ideal gas constant J mol-1 K-1 

T Temperature K 

η̃K Dimensionless kinetic overpotential  

η̃T Dimensionless mass transport overpotential  

jlim Limiting geometric current density A cm-2 

k0 Kinetic prefactor A cm-2 

λ Reorganization energy eV 

Rint Internal resistance Ω cm2 

ĵ Conduction current Ω-1 cm-2 

p Probability density  

m Model  

d Data  

θ Model parameters  

θ* Best fit model parameters  

Bij Bayes factor  

N Number of data points  

k Degree of model  

 Likelihood function  

ε Residuals for model m  

σ2 Variance in collected data  

D Diffusion coefficient m2 s-1 

CBulk Bulk concentration mol m-3 
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LBL Boundary layer thickness m 

e Electron charge C 

Supporting Information 

Additional analysis of kinetic data using the models described in the main text. Parallel workup 

of silver catalyst data.  
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