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1. Abstract

The development and characterization of active and selective catalysts is critical for the
simulation and optimization of electrochemical synthesis of chemicals and fuels using renewable
energy. The rate of electrochemical generation of a specific product as a function of electrode
potential can be described by a Tafel equation, which depends on two parameters: the Tafel slope
(or the related transfer coefficient) and the exchange current density. However, common methods
for calculating Tafel slopes are subjective and limited by data insufficiency resulting from
challenges associated with product quantification, and, as shown here, the effects of mass
transport, bulk reaction occurring in the mass-transfer boundary layer, and the occurrence of
competitive surface reactions. Errors in the Tafel slope extracted from experimental data can also
lead to errors in the exchange current density estimation. To address these issues, we present a
technique that leverages statistical learning methods informed by physics-based modeling to
calculate kinetic parameters (the transfer coefficient and exchange current density) with
quantified uncertainty. The method is applied to 21 sets of data for the electrochemical reduction
of CO:2 to CO and H: on Ag catalysts acquired under similar experimental conditions. We find
that fitted values for the transfer coefficient and exchange current density do not converge to a
unique set of values, and that there is an apparent correlation of these parameters; however, the
most probable value of the exchange coefficient for CO and H: formation correspond reasonably
well with the DFT-predicted values of this parameter. While the system explored is relatively
simple, the techniques developed can be used to evaluate the transfer coefficient and exchange

current density for many other electrochemical processes.
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2.  Introduction

Electrochemical reduction of CO: emitted from point sources (e.g., cement production,
separation from natural gas, iron and aluminum ore smelting, and fermentation of sugars) using
electricity from renewable resources (e.g., wind and solar) offers a means for recapturing its
carbon content. Moreover, if the CO: can be taken from the atmosphere and converted
electrochemically to chemicals and fuels, one could envision a closed carbon cycle.'* In order to
produce desired products with high rates and selectivity, it is important to understand how to
design electrochemical cells that enable achievement of these objectives.>® A key element in
pursuit of this goal is accurate representation of the rates individual product formation rates and

their dependence on reactant concentration, pH, and cathode potential.

For the design and simulation of electrochemical processes, the current density (i) for
producing product j is most commonly based on the Butler-Volmer equation (Equation (1)) or the
simpler Tafel equation (Equation (2)), which is based on the assumption that the reaction is
irreversible at large overpotentials. In this work we only consider the Tafel equation for the

cathodic direction.

o aciF aqjF (1)
[j =1lpj|—exp|— RT n; |+ exp W”i
. . a,F 2)

Here R is the ideal gas constant, F is Faraday’s constant, n; is the overpotential or driving force
for the electrochemical reaction j, T'is the absolute temperature, a. ; is the transfer coefficient, and

ly; is the exchange current density. In Equation (2) there are two important parameters, the
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transfer coefficient (a ;) that describes the sensitivity of the product current density to changes
in the overpotential (i.e., the electrochemical driving force) and the exchange current density (i ;),
the pre-factor for the exponential term.’ It is important to note that the exchange current density
contains explicit concentration dependences on the reactants and products of a given reaction, as
discussed in Section S3 of the SI. Many studies of electrochemical synthesis report the Tafel slope,
which is directly related to the transfer coefficient defined as the overpotential required to obtain

a ten-fold increase in product current density.’'°

log(10) RT  59.125 [mV dec™!]
= forT = 298 K
ac,jF (XCJ‘ (3)

Tafel Slope = —

For multi-step kinetics, the Tafel slope, or related the transfer coefficient oj, has been used to

infer which elementary step is rate-limiting in the formation of a particular reaction product.!-'3

A commonly used method to calculate Tafel slopes involves a least-squares regression on
the linear portion of the logarithm of the measured current density vs cathode voltage (i.e., the
kinetic region) excluding data that lie in the mass-transport limited regime (Figure 1, top).'° For
the electrochemical reduction of COz, the mass-transport-limited regime occurs at potentials for
which the predicted rate of CO: consumption by electrochemical and homogeneous chemical
reactions becomes greater than the rate of CO: transport to the surface. Mass-transport limitations
in CO:R are caused primarily by the low solubility and diffusion coefficient of CO: in the aqueous
electrolyte.'*!> Because the regimes of kinetic control and the onset of mass-transfer control are
defined arbitrarily, this method of identifying the regime of kinetic control is prone to human

error and leads to a reduction in the number of data points available for analysis. It is also notable
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that in electrochemical synthesis the product must be quantified at every applied potential
through time-consuming steady-state measurements. The need for product quantification
contrasts with water electrolysis for which catalytic behavior can be measured rapidly at
thousands of points via linear-sweep voltammetry. Because data in electrochemical synthesis
must be collected by steady-state chronopotentiometry or chronoamperometry to generate
sufficient product for quantification, rapid current-voltage sweeps are impractical if one wants to
determine the partial current densities for each product. In other words, the steady-state nature
of electrochemical synthesis, in which multiple products are formed, limits the number of
available data points for each product.

Least Fit Tafel data
squares Tarel | Tafel slope

regression o 9 + Quantified LS error

F
log(i) = log(iy) + (—%n)

/ Simple Tafel equation
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Figure 1: Schematic of (top) traditional method of processing electrochemical data via Tafel
analysis and its associated, unquantifiable human error, and (bottom) proposed robust kinetic
fitting approach which uses detailed physical models inform data analysis tools to obtain kinetic

parameters with quantifiable uncertainty.

Prior work has sought to address these concerns and provide rigorous methods for

determining kinetic parameters.’®'7 Recently, Limaye et al. have attempted to address the
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challenge of data insufficiency in Tafel analysis for electrochemical CO: reduction by using a
Bayesian learning algorithm,'* in which current-voltage data are fit to a representation of the
intrinsic reaction rate given by the Tafel equation together with the effects of mass transfer. Using
such a model enabled fitting of all experimental data without the need to arbitrarily define the
Tafel region, even for limited data sets (5-20 data points). Furthermore, the Bayesian learning
model used in this work provided a distribution of potential Tafel slopes and a defined
uncertainty threshold. This approach revealed the human errors in involved fitting Tafel slopes
reported in the literature. A limitation of this work is that the physical model employed did not
account for coupling of mass transfer effects with competing electrochemical and homogeneous
buffer reactions that consume reactants and change local pH,'®* as well as the complex

dependences of the intrinsic kinetics on species activities that affect observed kinetics.”192!:22

In this work, we present a one-dimensional, reaction-transport model of the
electrochemical reduction of CO: to CO and H: over an Ag catalyst that is then used in
combination with advanced data-analysis tools to fit the Tafel parameters (i.e., o and io) for a
variety of Ag catalysts. This approach provides a rigorous means for identifying the parameters
required for continuum simulations. Application of this approach to 21 data sets for CO:
reduction to CO on Ag in similar experimental setups reveals that the fitted rate parameters are
broadly distributed, probably due to differences in catalyst morphology (i.e., distribution of
surface facets and roughness). The methodology reported here provides a rigorous approach for
determining the Tafel parameters associated with product partial current densities vs cathodic

potential curves obtained for electrochemical processes that produce multiple products. This
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finding is particularly important for systems in which the formation of one product influences

the rate of formation of other products through the effects of mass transfer and bulk reactions.

3. Methods

3.1. Continuum Model

Figure 2 illustrates the one-dimensional (1-D) model used to simulate mass transport and
reaction occurring in an electrochemical cell performing CO: reduction. The modeled domain
consists of a planar Ag electrode, an aqueous potassium bicarbonate (KHCO:s) electrolyte, and the
associated mass-transport boundary layer. The bulk concentration of the KHCOs electrolyte is
chosen to coincide with that used in the experimental data set to be fitted, and the thickness of
the associated mass-transport boundary layer (Lg;) is fit along with the kinetic parameters. We
note further that all of the experimental data examined in this study were acquired using a flow
cell (i.e., an H-cell) with well-defined hydrodynamics and a reference electrode located in the
potassium bicarbonate electrolyte (Figure 2a).2>-* The decision to consider only Ag catalysts used
under similar experimental conditions limits the amount of available data in literature, but
enables deconvolution of the catalytic behavior from other variables. We note that previous work
has shown that a 1-D representation is capable of capturing the requisite concentration and

potential gradients needed to model aqueous CO: reduction on planar catalysts.!4343
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Figure 2: Schematic representation (a) a typical experimental set up, and (b) the corresponding
modeled domain for the boundary layer model.

The CO and H: evolution reactions (COER and HER) occur at the surface of the Ag
electrode, with the following stoichiometries and standard potentials.
2H,0 + 2e~ - H, + 20H7, U, = 0V vs.SHE 4)
CO; + H,0 + 2e™ - CO + 20H7, Uy, = —0.11 Vvs. SHE ()

A concentration-dependent Tafel expression was used for each product to model the kinetics of

the competing reactions (for which the kinetic parameters will be fit),

- aco, “reozco AoH~ yoH.co i {_ exp [_ ccofF n ]} (6)
co a%ik agllf]lf 0,CO RT s,CO
. _ [ %oH~ youTH: A, F 7)
lHZ - ag’l;_'lll( lO,Hz - eXp - RT nS,HZ

where ij ; and a; are the exchange current density and cathodic transfer coefficient for product
J, respectively. These parameters are obtained by our fitting method described in Section 3.4. y; ;
represents the rate order of species i in the reaction to form species j and is constrained by its

relationships to the transfer coefficients, as given by Equations $8-10. Here, a; represents the
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activity of species i locally at the electrode surface, as calculated by the reaction-transport
simulation, and a?™* represents the activity of species i in the bulk electrolyte. The terms
involving the ratio of the surface and bulk activity account for mass-transport and concentration
gradients within the boundary layer. 7 ; is the surface overpotential for a given electrochemical
reaction defined in Equations S15 and S16 in the SI. A detailed description of the physics

employed in the model, as well as a generalized derivation of the kinetic model, can be found in

the SI, Sections S1-3.

3.3 Covariance Matrix Adaptation Evolution Strategy

To minimize the objective function, which in this case is the mean square error (MSE) of
the fit to the CO and H: specific polarization curves, the covariance matrix adaptation
evolutionary strategy (CMA-ES) was employed (shown schematically in Figure 3). CMA-ES is a
global, derivative-free optimization method that operates by forming a parametric distribution
over the solution space. It samples a population of solution candidates iteratively, typically from
a multivariate gaussian distribution.* This objective function is then evaluated for each candidate
set of parameters. After evaluating the objective function for each point in a given generation of
solution candidates, the solutions are sorted by the magnitude of the objective function and the
distribution parameters (the mean vector and covariance matrix) are updated based on the
ranking of objective function values. The goal is to search for the optimum set of parameters, such
that the objective function is a minimum. The method stops once the change in error across
generations has dropped below a certain tolerance (in this study, a tolerance of 1 x 107! was

used, which is the default in CMA-ES algorithm in MATLAB.) It is critical to note that CMA-ES
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is gradient-free since the objective function used for fitting the Tafel kinetic is non-convex, so
there exist many local minima in which a gradient-descent method can get trapped. Notably,
previous work has shown that small changes in the fitted Tafel parameters can lead to local
minima that approximately fit experimental data.’” We also note (Section S4.1 of the SI) that
using a gradient-descent method (e.g., MATLAB’s fmincon) in lieu of the CMA-ES method

ultimately fails to fit experimental polarization data (Section §10 of the SI).

Generation 1 Generation 2 Generation 3

Generation 4 Generation 6

Figure 3: Schematic process of a typical evolution process in CMA-ES for a two-parameter
optimization. In the first generation (Generation 1), the CMA-ES creates a generation of points
with values of the parameters assigned by an initial Gaussian distribution with a mean at the
center of given elliptical bounds and the radii of the ellipse determined by the standard deviations
of the distribution (red-dashed lines). CMA-ES ranks the points in terms of how close they are to
minimizing the objective function (white locus of the plots) and moves the distribution in the
direction of the points with the best ranking regarding objective minimization. In the following
generations, the (Generations 2-5) this process is repeated and continues. As the points move
closer to the global minimum, the CMA-ES begins to shrink the standard deviation and converge
upon the global minimum. The process stops (Generation 6) when the standard deviation of the
points reaches a specified, small value, indicating that the generated points all converge upon the
global minima.

3.3.1 Quantification of the Uncertainty in the Parameters Obtained from CMA-ES

To quantify the uncertainty in the parameters values obtained from CMA-ES, samples of

the parameters were drawn from the last 25, 50, and 75% of solution candidates seeded by the

10
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CMA-ES optimizer (all tested Lgy,iop,, @u, locoand aco). The last 25% of points were
representative of the final generations of CMA-ES, and the 50%- and 75%-point samples were
representative of earlier generations that were further from but still close to convergence (due to
the incredibly stringent tolerance of 1 x 1071). The uncertainties in the fitted parameters were
defined by one standard deviation of the selected CMA-ES-generated parameter points (Tables
$9-11). For each of these groupings (last 25, 50, and 75%), the current densities at all simulated
applied potentials (i.e., the polarization curves) were evaluated for each of the parameter
groupings, and the standard deviation of the current density was calculated at every simulated
potential to define the uncertainty band for the fitted polarization curves. Because of the stringent
convergence criteria employed, there was very little change in the objective function for the last
25% of evaluated candidates, meaning that the uncertainty for the last 25% of candidate points

was exceedingly small.

3.4 Description of Fitting Method
The process shown schematically in Figure 4 was used to fit the experimental data. First,
the reported cathode potentials (usually referenced to a reversible hydrogen electrode (RHE))

were shifted to the standard hydrogen electrode (SHE) potential, by (see Figure 4B):

¢c[V vs.SHE] = ¢.[V vs. RHE] — 0.059 X pHy ik (8)

This change of reference makes the experimentally measured potentials consistent with the

potentials used in the model (Section S1-3 of the SI).

11
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Figure 4: Process diagram depicting the inputs, outputs, and steps taken to extract kinetic
parameters from a given set of experiments using the developed method. (A) Extraction of
experimental Tafel data. (B) Shifting of Tafel data to standard conditions. (C) (Top to bottom)
Fixing of Hz current density in COMSOL simulation, fitting CO kinetic parameters with CMA-
ES, and quantifying uncertainty. (D) (Top to bottom) Using fit CO kinetics from (C) in the
COMSOL model and running CMA-ES to fit H kinetic parameters and extract uncertainty. In
panels (C) and (D), iy yr represents the product of the traditional iy, and the mass-transport
activity terms in the Tafel expression shown in Equations (6) and (7).

Next, the parameters for each reaction were fitted one reaction at a time in order to
separate the ((2k x 2k) + 1) dimensional optimization problem (where k is the number of
competing reactions and the + 1 is due to fitting Lp;) into (k — 1) 2-dimensional optimizations
and a single 3-dimensional optimization (in which the thickness of the boundary layer is fit). This
procedure makes the problem more tractable and avoids the so-called “curse of dimensionality”
in optimizations.* It is also important to note that fitting the boundary layer was necessary to

provide the best fit for the CO data, as the boundary-layer thickness dictates the mass-transport-

limiting plateau (see Figure S1), and is seldom measured or reported for CO2R current densities

12
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measured using a flow cell. We note that the fitted mass-transport boundary-layer thicknesses
generally agree in terms of order of magnitude with values reported in previous flow cell studies;
any discrepancies are likely due to assumed Sherwood relationships for the calculation of the
mass-transfer coefficient, which, in most cases, do not account for the effects of homogeneous

buffer reactions and multi-ion transport.'®

To fit the kinetics for CO formation, the reference-shifted experimental data for H: partial
current density versus voltage are imported into the CMA-ES algorithm and are held fixed. Doing
sois critical for calculating the kinetic parameters for CO formation because H: data enable the
model to calculate changes in the local pH and CO: concentration that result from HER, which,
in turn, affect kinetics of CO formation. The COER current density is defined by Equation (6). The
CMA-ES algorithm then uses the transport and reaction model to obtain the best values of
®cco.loco, and Lg; that give the best fit to the data (Figure 4C). Once the CO kinetic parameters
and Lp; are determined, they are fixed to their fitted values and the parameter for the HER partial
current, ay, and iy y,, described by Equation (7) are fitted using the CMA-ES algorithm (Figure
4D). Post processing of the CMA-ES distributions provides the uncertainty. This process can be
easily generalized to a system containing a greater number of competing reactions as described
in Section S$4.2 of the SI. While this overall process could be repeated to further reduce error,
doing so results in only a minor change in the fitted parameters (<0.1% change in a, <0.2% change
in Lg;, and <0.7% change in iy) and comes at greater computational expense. Thus, for this work,

the fitting process was run once through each product.

13
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4, Results and Discussion

4.1 Continuum Modeling to Assess Traditional Tafel Fitting

To assess the impact of mass transport and bulk reactions on observed partial current
densities, a sensitivity analysis was carried out (Section S5). By this means, the sensitivity of the
product partial current densities to changes in the kinetic parameters («; . and i; 5) is determined
(Figure S2-3). This procedure enables an assessment of the degree of sensitivity between the
outputs and input parameters in the model (i.e., how much an output parameter changes when
an input parameter is changed). When an output is positively sensitive to an input, an increase in
the input results in an increase in the output; when an output is negatively sensitive to an input,
an increase in the input results in a decrease in the output. The sensitivity analysis revealed that
the CO partial current density is highly negatively sensitive to mass transfer (i.e., Lg;) due to low
availability of CO: in the aqueous electrolyte; however, the H: partial current density is less
sensitive to mass-transfer effects because of the high availability of solvent water, which was
assumed to be the proton source for HER (Figure S3, S6). We also observed that the CO partial
current density was positively sensitive to ipco and aco, but more interestingly, negatively
sensitive to the HER kinetics (iy y,and ay,) (Figures S2, S4). As the HER current increases, the pH
rises due to concomitant generation of OH-, and the generated OH- anions consume reactant CO:
via homogeneous buffer reactions thereby reducing the COER partial current.

Continuum simulations were then used to assess the accuracy of the traditional Tafel
analysis (see Section S7.1 of the SI) for simulated polarization curves where mass transport or

competitive reactions were relevant. Figure 5a-b depict the results of performing traditional Tafel

14
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analysis to extract the kinetic parameters from CO polarization curves generated by the
simulation, all of which possess a constant CO Tafel slope but different values of Lg,; (Figure 5a),
or iy, (Figure 5b). As can easily be seen, even though the CO Tafel slope should be identical for
all plotted polarization curves, the apparent Tafel slope as measured by a traditional approach is
different for every curve, revealing the extent to which mass transport affects the apparent Tafel
slope. Therefore, the continuum model is necessary to deconvolute the effects of mass transport

from the intrinsic kinetics of the surface reactions.
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Figure 5: Analysis of traditional Tafel analysis accuracy under varying mass-transport regimes
with a constant CO Tafel slope (Table S4). Effect of (a) Lg, and (b) iy 4, on CO Tafel analysis.
Solid lines represent simulations where all parameters are fixed except for (a) Lg, or (b) iy p,. In
(a) and (b) dashed lines represent linear regression fits from traditional Tafel analysis (see Section
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$7.1) (Tafel region in blue, and mass transport region in green). (c) Convergence of apparent Tafel
slope to actual Tafel slope value as L, approaches zero. (d) Impact of competing HCOOH
reaction on apparent Tafel slope. In (c) and (d) dashed lines represent the value of the Tafel slope
as defined in the continuum model as representative of the intrinsic COER kinetics.

Intriguingly, when the apparent CO Tafel slope (Figure 5b) and iy, (Figure S7) are
plotted against Lp;, they approach their intrinsic values as Lg; approaches zero. In other words,
in the limit of no mass-transport losses of CO, traditional Tafel fitting is sufficient and accurate.
This finding suggests traditional assessment of Tafel slopes could be done using data that are
minimally affected by mass transfer. An attempt to do so has been reported recently by Jang et
al.¥ A rotating cylinder electrode system was used to enhance mass transport to the cathode.
However, the authors reported that mass transport could not be eliminated at moderate current
densities for reactions with sparingly soluble reactants. Porous electrodes, which have boundary-
layer thicknesses approaching the nanometer length scale, have also been suggested for
determining the intrinsic kinetics of electrochemical reactions.>*® However, the chemistry and
morphology of such electrodes were found to impact observed kinetics in non-trivial ways due
to the potential of overlapping boundary layers, along with the complex multiphase (gas, liquid,
and sometimes solid-electrolyte phases) transport occurring in the porous medium.* Therefore,
continuum modeling of mass transport and the kinetics of bulk reaction occurring in an aqueous
boundary layer (see below) will always be necessary for determination of Tafel parameters.

In addition to hydrodynamics, the presence of bulk reactions occurring in the thin
boundary layer can impact the apparent Tafel slopes. Figure 5b and S8 illustrate the effect of the
HER current density on apparent CO kinetics, demonstrating that at high current densities for
HER, the apparent CO kinetic parameters can be quite inaccurate. However, this competition for

reactant CO: is indirect and is a result of consumption of HER-generated OH™ anions to form

16
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HCOs and COs* anions in the boundary layer, as opposed to direct electrochemical consumption.
Indeed, many catalysts experience direct electrochemical competition for reactant CO:. For
instance, formic acid (HCOOH) forms competitively with CO on Cu, ¢ Pd,* and Ag,* and such
direct competition for CO: impacts the apparent Tafel slopes for these products. As shown in
Figure 5d and discussed in greater detail in the Section S7 of the SI, the occurrence of competing
HCOOH formation dramatically increases the apparent CO Tafel slope beyond its intrinsic value.
For the largest iy ycoon tested, corresponding to roughly equal co-generation of CO and HCOOH
(Figures 59-510), as has been observed on Cu® and Pd,* the CO Tafel slope is nearly 50 mV dec™!
larger than the reference value employed in the model (93.55 mV dec™). iy co, @ncoon, and
lo,ucoon exhibit similar inaccuracies (Figures $12-S14).

The transfer coefficient quantifies how much of the applied potential driving force goes
to driving the rate of a given electrochemical reaction. In electrochemical synthesis systems, the
applied potential driving force drives a suite of competitive surface reactions and overcomes
losses attributable to low rates of mass transfer (i.e., Nernstian losses). Thus, taking kinetic
parameters directly from measured polarization data typically leads to an overestimation of the
Tafel slope (and, hence, an underestimation of the transfer coefficient due to their inverse
proportionality) by neglecting the potential losses associated with mass transport and
competitive surface reactions. As mass transfer improves, and in the limit of a single surface
reaction, the intrinsic kinetics can be measured experimentally. However, the presence of
competing electrochemical reactions and poor mass transfer is the norm in electrochemical
synthesis, rather than the exception. These results underscore the need for physiochemical

models that enable determining the intrinsic Tafel parameters for individual reaction kinetics

17
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unaffected by the effects of mass transport, bulk reactions occurring the mass-transfer boundary

layer, or competing surface reactions.

4.2 Fitted Tafel Parameters

Having established that our model and approach for fitting Tafel parameters is capable of
simultaneously fitting the parameters for CO and H: formation for different sets of data taken
from the literature with quantified uncertainty (see Section S11 of the SI for plots of all H2 and
CO polarization curves and the corresponding fitted Tafel parameter values), we sought to
determine whether the fitted Tafel slopes and transfer coefficients converged to a set of cardinal
values or to a set of values consistent with the transfer coefficients determined from DFT
calculations. Bockris and co-workers derived what they refer to as cardinal values for the transfer
coefficient of a, = 0.5, 1.0, 1.5, etc.”® This can be done starting with Equation S48 and assuming
integer values for s and g, a v of 1, and a symmetry factor of the rate determining step, f = 0.5.
Correspondingly, cardinal values for the Tafel slope (Equation S82) are 118, 59, 39, etc. Crucially,
the symmetry factor, which is defined as the fraction of the applied overpotential that goes
towards lowering the barrier of the cathodic reaction (as opposed to the anodic reaction),*’ will
likely not be 0.5 for inner sphere electrochemical reactions such as CO2R and HER on Ag, where
some potential is lost in the double layer,® and the reaction intermediate is likely not equidistant
in free energy from the reactants or products.*’ Nonetheless, many theoretical studies have
employed the cardinal value of 0.5 for CO2R.10424 ]t is also notable that the theoretical work of
Singh et al. employs density functional theory (DFT) and finds an effective cathodic transfer

coefficient of 0.49 and uses a microkinetic model to determine an exchange current density of

18
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1.71 x 107> [mA cm™2] for CO:R to CO on Ag (110).# They also find transfer coefficients of 0.23

and 0.05 for the Volmer and Heyrovsky steps, respectively, where the latter is rate limiting.*!
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Figure 6: Probability distribution functions (PDF) (histogram) and kernel density estimates
(KDEs) (solid lines) of the fit (a) aco, (b) log10(io,co), (¢) ay,, and (d) logy(ig n,). The PDF depicts
a histogram of the fitted parameters that has been scaled such that the integrated total of the bars
adds to unity. The KDE represents a smoothed version of the PDF in which each bar is assigned
a scaled basis function and these basis functions are superimposed to generate the smooth curve.
Red dashed lines in both (a) and (c) correspond to cardinal values of the cathodic transfer
coefficient as predicted by Eq. S48. It is important to note there are no cardinal values for the
exchange current densities, as those are dependent on bulk electrolyte concentrations and surface
roughness, which vary in each experiment, as well as rate constants for each kinetic step, which
cannot be easily estimated. Purple dashed lines correspond to values expected from microkinetic
modeling of Ag(110).#! The transfer coefficients were determined via DFT and exchange current
densities in the microkinetic work were obtained by fitting experimental partial current density
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to the microkinetic model. Additionally, while the microkinetic work by Singh et al. provided
values for ay, for both the Volmer and Heyrovsky steps, the work did not fit experimental HER

partial current density and thus did not report an iy g, .

Figure 6 illustrates the probability distribution functions (PDFs) and kernel density
estimates (KDEs) for (a) aco, (b) log1o(ioco), () ay,, and (d) logy(ipn,). These plots show that
these parameters do not converge to a single set of values, as further demonstrated by the
cumulative distribution functions shown in Figure S19. The fitted parameter distributions for the
Tafel slopes and boundary layer thicknesses are given in Figures 520 and S21. It is important to
note that all fitted parameters lie within a range of physically acceptable values, and possess a
tighter range than those previously reported for continuum models.?> Additionally, the most
probable values of the kinetic parameters for both CO and H: (determined as the maxima of the
KDEs (see Table S13)) lie relatively close to the values reported by Singh et al. that were obtained
via DFT of COzR and HER on Ag (110) (difference of 0.11 for a¢,, difference of 0.05 for the Volmer
step ay,).*! Notably, though, for HER, both DFT and the analysis of the KDE suggest transfer
coefficients far from cardinality (much less than 0.5). Furthermore, the maximum value of the
KDE for a.y, lies close to that predicted by Singh for the Volmer step; whereas the Heyrovsky
step was proposed to be rate limiting in that work. This discrepancy may be due to additional
proton sources for the HER other than water (such as HCOs anions), and future work should aim

to develop a better physical model for HER in order to deconvolute these effects.

Additionally, consistent with the analysis in Section 4.1, we demonstrate that accounting
for mass transfer helps mitigate the overprediction of Tafel slopes, shifting the distribution
towards lower values when mass transfer is explicitly handled (Figure $22). It is important to

note, that the size of the data set could simply be too small to observe a sharp distribution in the
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fit parameters due to small variabilities or errors in the experimental measurements. Collecting
more data in similar conditions could potentially lead to the distribution better predicting
theoretically expected values. Nonetheless, the broad distribution of parameters makes it
impossible to prescribe a unique set of values that are descriptive of the CO2R on all Ag catalysts

and indicate that Tafel parameters need be fitted for each individual Ag catalyst.

To address the spread of values in the fitted parameters, we note that the transfer
coefficient itself may be a function of the applied potential as predicted by Marcus theory,"”
because at negative potential, the transition state is more initial-state like (Bgrps ~0) and at
positive potential the transition state is more final-state like (Bzps ~ 1).** However, Marcus
inversion is not expected to be significant over the relatively small potential ranges studied
experimentally, and all of the studies used were performed with nearly identical potential ranges.
Thus, Marcus theory is unlikely to explain the spread in fitted parameters, and it is more likely
that the observed spread in values is due to differences in surface morphology among different
samples of Ag cathodes. Differences in surface roughness could be expected to contribute to the
spread fit exchange current densities, as the roughness factor is implicitly lumped into that
parameter (Equation S65).> Additionally, the Ag catalysts employed are typically polycrystalline.
Clark ef al. have shown that different Ag facets on polycrystalline Ag possess different intrinsic
activities for CO2R (Figure $23).2 Therefore, the spread in transfer coefficient (and thus Tafel
slope) could reflect the changes in the distribution of surface facets for different catalysts.
Difference in surface coverage by adsorbates and by poisons may also impact the observed kinetic

parameters.®
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4.3 Compensation Effects in Electrocatalytic CO2R on Ag

An important question is whether the transfer coefficients, exchange current densities,
and the boundary layer thickness (ac u,, @c o, lou,, Lo,co, and Lg;) are correlated with each other.
We first sought to assess whether the bulk electrolyte concentration and the boundary-layer
thickness are correlated with the fitted transfer coefficients and exchange current densities, which
should be intrinsic to the catalyst. Figure S24 confirms that the lack of correlation between these
parameters for all the fitted data. We next explored the correlation between the fitted values of
a. and i, for each reaction. The parameters a. and log;y(ip) should exhibit a negative, linear
correlation with the slope of the correlation line related to the reaction order of the reactant and
product species and their activity in the bulk electrolyte because the expression for i, is referenced
to the activities of species in the bulk electrolyte (Section S14.2 of the SI). While a negative
correlation is observed for both reactions (Figure ), the slopes are much more negative than would
be expected from the analysis given in Section S14.2 of the SI Additionally, these data were
carried out using different bulk electrolyte concentrations and Ag electrodes having different
roughness factors. As can be seen in Equation S83 both factors impact the exchange current
density. These effects are not explicitly deconvoluted from the correlation observed in Figure
(roughness factors are seldom reported), so one should not expect any correlation in the plotted
data. Vetter performed traditional Tafel analysis on various HER catalysts and demonstrated that
while ay, was somewhat consistent across all tested catalysts, the log;(io y,) varied across these
catalysts varied by many orders of magnitude and were uncorrelated with ay,.>* Therefore, the

apparent correlation between the fit a, and log;, (i) is unexplained.
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Figure 7: Compensation phenomena. Correlation plots for the fit cathodic transfer coefficients
and the logarithm of the fit exchange current densities of (a) CO, and (b) Hz. The R? values for
these fits are 0.73 and 0.90, respectively.

We note that a correlation has been observed in thermal catalysis between the pre-
exponential factor and the activation energy, and is referred to as the “compensation effect”.#->!
Barrie has discussed the mathematical origins of this effect and its relationship to random
experimental errors.” In this connection, Bond et al. have proposed a set of guidelines to establish
when the effect is physically meaningful.* First, the dataset of must be sufficiently large; the range
of transfer coefficients should be such that the largest value is at least 50% greater than the
smallest. Second, the effects of the reaction order and bulk species concentration must be properly
accounted for (Figure 525-526). Lastly, we add that, for electrocatalysis, the effects of active
surface area should be properly deconvoluted. For the data fit in this work, experiments were all
reported based on geometric surface area of the cathode rather than the electrochemically active

surface area (ECSA), making roughness effects difficult to deconvolute.
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All considered, the existence of an apparent correlation likely suggests that, among other
factors, the poor quality of experimental data in CO:R leads to apparent compensation effects that
contribute to the broad distribution of the fitted parameters observed in Section 4.2. Future work
should use more sophisticated objective functions that weight data points according to their
associated uncertainty, but the underlying issue is that many reports in CO:R do not report
polarization data with defined error bars. Additionally, reporting electrochemical data with
respect to ECSA or using less-complex electrodes would also improve data quality for model
fitting. Indeed, the poor quality of experimental data in electrocatalysis and the need for more
easily interpretable electrocatalytic measurements has been well-documented in recent work.>
The analysis presented here further underscores the need for better standards and protocols for
acquisition of experimental data that can then be used to validate results obtained by

theoreticians.

5. Conclusions

The present study describes a method for fitting Tafel parameters for multiple reactions
occurring during the electrochemical reduction of CO: over Ag catalysts. This approach combines
continuum modeling and advanced data-science methods (covariance matrix adaptation-
evolutionary strategy (CMA-ES)) to fit the parameters appearing in the Tafel equations used to
describe the kinetics of CO and Hz formation. The method developed here avoids unquantifiable
uncertainty associated with the subjective demarcation between the portions of the product
polarization curves associated purely with reaction kinetics and that convoluted with the effects

of mass transfer. A continuum model is employed to account for mass transport and bulk-phase
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buffer reactions in these systems and reveals that the neglect of these phenomena leads to
systematic overprediction of the Tafel slope and exchange current density obtained using
traditional methods of analysis. The coupled CMA-ES continuum modeling approach is applied
to 21 data sets for CO:R on Ag obtained in similar electrochemical cells to determine rate
parameters for CO2R to CO and H: with quantified uncertainty. The fitted parameter distributions
were analyzed to assess agreement of the rate parameters obtained with cardinal values and those
predicted theoretically. A broad distribution of Tafel parameters across all data sets is observed,
but the most probable values from the generated probability distributions lie reasonably close to
values predicted from microkinetic analysis and DFT calculations. The distribution of values of
the transfer coefficient and the exchange current density are attributed to difference in the
structure and morphology of different Ag catalysts and to the quality of the data acquired for
each catalyst. While a rough correlation between these two parameters is observed, we conclude
that it is unphysical and more likely due to the poor quality of the experimental CO2R data. This
suggests that more rigorous standards need to be imposed on the collection of rate data. The
product-specific transfer coefficient and exchange current density determined from such data
could then serve as more stringent standards against which theoretical estimates of the Tafel
parameters can be evaluated. Lastly, we note that our method of data analysis can easily be
adapted to handle more complex reaction systems and in particular ones where both species mass

transfer and bulk reactions influence the observed rates of product formation.
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