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Introduction
The area of software development for kinetic model construction is continuously evolving, aiming at improving capabilities with respect to the simulation of reaction kinetics, reaction network generation and the determination of parameters via regression and/or first principles calculations.1-3 While microkinetic models are conceptually designed to be valid over a wide range of operating conditions, they also require a higher number of kinetic parameters that need to be determined. This goes hand in hand with increased model complexity and computational cost.4 Moreover, constructing the appropriate model is always case dependent. It does not only relate to the required level of detail and the corresponding fundamental understanding, but also to the amount of information contained in the available experimental data5. Therefore a top-down kinetic modelling strategy, gradually increasing complexity, allows for the determination of the model detail which needs to (and can) be accounted for to describe the experimentally observed reaction behavior. 
[bookmark: _Hlk78536304][bookmark: _Hlk78536597]Several tools with the aim of modeling reaction kinetics, such as the open-source software Cantera, developed at the California Institute of Technology 6, and the commercial software Chemkin, developed at Sandia National Laboratory, already exist. Cantera is available in several programming languages (Python, C++, Matlab, Fortran), requiring some programming expertise from the user, and is a flexible simulation tool with many extensions developed by volunteers. Simple reactors can be solved numerically using Cantera once a reaction network and its kinetic parameters are provided by the user, along with thermodynamic data if these are not directly available within the tool. Chemkin works in a fairly similar manner to Cantera, and mostly differentiates itself through its graphical user interface, mainly developed for the automatic generation of the necessary input files. Additionally, both tools are compatible as their input files can easily be converted between their corresponding formats. Previously, our group reported on the development of a software tool for the automation of the development of (micro)kinetic models from high-throughput experimental data.7 The tool translates information provided by text files, such as the reaction network, the reactor type, (initial) parameter values and solver settings, to mathematical models simulating the product spectrum. The tool distinguishes itself by also including the possibility to estimate kinetic parameters via regression to the experimental data. This allows for a detailed (micro)kinetic assessment of (catalytic) reactions, without requiring any programming knowledge of the user, enabling the user to obtain crucial insight in the underlying chemistry and, hence, strategic information for catalyst, reactor and process design and scale-up.8-13 
Steam reforming of methane, which was studied previously in-house5, is applied as a case study in this work to showcase the features of our new tool, named KASTER – Kinetic Analysis Simulation Tool for Elementary Reactions – and the corresponding top-down kinetic modelling strategy. Methane steam reforming (MSR) is a reaction that has been investigated for several decades, and which is still the most important route for hydrogen production.14,15 In methane steam reforming, hydrogen and carbon monoxide are produced over, e.g., a supported nickel catalyst.16,17 Being an active water-gas shift catalyst, the kinetics of the latter reaction also need to be accounted for when constructing a steam reforming kinetic model.16,18 Thus, the corresponding kinetic model will cover both methane reforming and water-gas shift, leading to two global reactions.
In this work, a top-down kinetic modelling strategy, using KASTER as a tool for the regression and the transient solution of the reactor models, will be presented for methane steam reforming in a plug flow reactor (PFR). Although several other reactor models are available within KASTER, such as a transient CSTR, the focus of this work will be on the transient PFR reactor model, which is more complex to solve because it has to consider concentration profiles in both the (axial) space dimension and the time dimension simultaneously (assuming radial uniformity). In previous work, numerical challenges were typically encountered when trying to directly determine the steady-state solution of reactor models for methane steam reforming5. It originates from the simultaneous treatment of the algebraic expressions for the pseudo-steady state approximation applied to (catalytic) intermediates together with the differential equations for the observable gas phase components. By solving the reactor models in a transient manner, it is possible to overcome such the numerical challenges induced by attempting to directly solve the equations expressing the steady-state. Using this approach, the set of equations is solved with respect to time and discretized in the spatial dimension, creating an initial-value problem with a known initial condition19,20. Additionally, the transient solution strategy enables the solution of very complex models, such as microkinetic ones, while enhancing the numerical stability and the accuracy of the simulations.
[bookmark: _Toc482697147]Procedures
KASTER allows for the simulation of single phase homogeneous reactions, as well as gas-solid or liquid-solid pseudo-homogeneous reactions. A transient solution strategy allows for a robust determination of the product spectrum for a wide variety of operating conditions. The corresponding model equations for heterogeneously catalyzed reactions are discussed in this section, followed by the description of the parameter estimation methodology and the regression routines.
Reactor model equations
As already mentioned in the Introduction, the modelling of ideal continuous flow reactors, i.e., Plug Flow Reactors (PFRs) and Continuous Stirred Tank Reactors (CSTRs), can be performed in a transient manner from an initial situation till the steady-state. To determine if the steady-state has been reached, the reaction time is increased in steps of 10%, starting from an initial time step ts provided by the user. This is done until a 1% convergence criterion is satisfied for the outlet concentrations of all bulk species, which means that the concentration difference between successive time steps is below 1%. To describe the PFR, a set of partial differential equations is used, representing the mass balances of all bulk phase species A and the surface intermediate balances of all catalytic intermediates A* (along with the empty site M*), as shown in Equations (1) and (2).
[bookmark: PFR_gas]			[mol m-3gas s-1]	(1)
[bookmark: PFR_adsorbed][bookmark: PFR_CSTR_adsorbed]			[mol kg-1cat s-1]	(2)
In Equation (1), ρbed represents the density of the catalytic bed and ε represents the bulk fraction in the reactor. The set of Equations (1) and (2) is solved using the empty reactor initial condition as shown in Equations (3) and (4).
[bookmark: PFR_gas_initial]t = 0; CA = 0, LA* = 0, LM* = Ltot				(3)
[bookmark: PFR_gas_inlet]W = 0; FA = FA,in				(4)
As the reactor model in Equation (1) includes derivatives with respect to two different variables, i.e., the catalyst mass and the reaction time, the method of lines is adopted to solve this set of equations, i.e., the derivatives with respect to the catalyst mass are discretized 21. Such a discretization is equivalent with modelling the plug flow reactor as a sequence of CSTRs, which means that there are separate reactor model equations for all components and intermediates in each individual CSTR. A number of 50 CSTRs proved to be adequate. The resulting set of differential equations only includes derivatives with respect to the reaction time and is solved using backwards differentiation formulas, as implemented in the open-source code DASPK, available from Netlib.22 
The outlet volumetric flow rate Fv is calculated from the total mass balance over the reactor as shown in Equation (5), in which ρ represents the density of the gas mixture.
[bookmark: CSTR_flow_out]			 [m3 s-1]	(5)
In KASTER, the rate equations are generated automatically by applying the law of mass action to each of the steps in the reaction network, which is provided by the user via the software. The selection of the potential reaction networks considered in this work is discussed in Section 3. The rates ri of each of the steps i are then calculated, from which net production rates RW,j of each of the components j directly follow. 
[bookmark: _Hlk78537310]To reduce the computational cost of the solution of the transient PFR, an analytical, banded Jacobian has been implemented, as the numerical approximation of the Jacobian within DASPK leads to a significantly slower numerical solution. For more information the reader is referred to Section S1 of the Supporting Information.
Determination of kinetic and thermodynamic coefficients
To calculate the rates of formation and consumption of the components, forward rate coefficients are needed for all reaction steps, along with the reverse rate coefficients if the reaction is reversible. The latter rate coefficients are calculated from the ratio of the forward rate coefficients and the equilibrium coefficients in KASTER. The forward rate coefficients are determined by regression (estimation), while values for the equilibrium coefficients are calculated, see further.
Rate coefficient estimation
The estimation of the forward rate coefficients is performed by minimizing the weighted sum of squares of the residuals between the experimentally observed responses, i.e., the outlet molar flow rates, and the model calculated ones as shown in Equation (6).
[bookmark: _Hlk78536771][bookmark: wSSQ]	(6)
In the case study on methane steam reforming, the outlet flow rates of methane and CO were selected for the weighted sum of squares of the residuals, as these components were measured with the highest precision. The outlet flow rates of water, CO2 and hydrogen can be obtained from the C, O and H balances and are therefore not independent from the outlet flow rates of methane and CO. The weights assigned to methane and CO amount to 7.2 108 and 2.5 1010, respectively, which were obtained by taking the inverse of the square of the average outlet flow rate measured for both components. This ensures that components with lower outlet flow rates are given a higher weight to compensate for the lower outlet flow rates.
Parameter estimation in KASTER occurs in a stepwise manner. In the first instance, the Rosenbrock method is used to approach the solution23, while in the second instance, the sum of squares of the residuals is minimized using a Levenberg-Marquardt algorithm, as available in ODRPACK.24,25 The regression routines, as well as the reactor model simulation routines, were implemented in Fortran 90. 
The interpretation of the regression results is performed visually as well as based on statistical tests. Performance curves, comparing the experimental and simulated methane conversion and CO selectivity as a function of the inlet partial pressure of water, are used to assess whether there are systematic shortcomings in the kinetic model. Additionally, parity diagrams are assessed, which compare the experimental and simulated outlet flow rates of methane and CO. The individual significance of a model parameter is assessed by verifying that zero is not included in the 95% confidence interval of that parameter. The global significance of the regression is verified with an F test where the regression is deemed to be globally significant when the calculated F value exceeds the tabulated one. The BIC criterion is used as well for model discrimination, as it is an easily applicable criterion assigning lower values to models with a better fit, while penalizing those with a high number of parameters by increasing its value.26 Finally, the binary correlation between the parameters is verified, where two parameters are considered to be statistically uncorrelated when the absolute value of their binary correlation coefficient is below 0.95, as a rule of thumb.27 The evolution of the CPU time as a function of model complexity in KASTER is also described during the discussion of the results. To ensure that this is fully representative, each regression run consists of 50 iterations of the Rosenbrock subroutine, followed by iterations of the Levenberg-Marquardt algorithm until parameter convergence is reached. 
Equilibrium coefficient calculation
Although regression could also be used to determine, i.e., estimate, the equilibrium coefficients, it is important to be careful when estimating equilibrium coefficients through regression as it is possible that the solution is not physically realistic and not thermodynamically consistent, violating the second law of thermodynamics. Fixed, a priori determined values are, therefore, preferred (and used in the present work) for the equilibrium coefficients to ensure that they satisfy the expected overall free Gibbs energy balance. 
For more complex (microkinetic) models, it is not always easy to obtain reliable thermodynamic data in the field of heterogeneous catalysis, as it requires reliable estimations of the enthalpy and entropy of the surface species on the catalyst. However, several methods are commonly used to calculate such thermodynamic properties, e.g., DFT methods 28-30, which can include corrections by considering experimental data 31, or methods which estimate the adsorption enthalpy and entropy on a certain catalyst, such as the UBI-QEP method32. It is evident that the successful construction of a detailed kinetic model strongly depends on the research which has been conducted into a certain reaction on a certain catalyst. It is easier to obtain significant and accurate kinetic parameter estimates if the model can rely on reliable values for the equilibrium coefficients, but for processes which have not been investigated as extensively, this becomes a significant challenge. It is generally good practice to keep thermodynamic values fixed while estimating kinetic coefficients. The thermodynamic values can be calculated more accurately through DFT calculations or other methods, compared to kinetic coefficients, as the thermodynamics involve stable and possibly well-established surface species, while the kinetics, on the other hand, involve unstable transition state(s) which are more challenging to find. 
To obtain reliable thermodynamic data for methane steam reforming on a Ni catalyst, the tool RMG-cat was considered in this work33. It is a tool for reaction mechanism generation (RMG) of catalytic reactions and includes thermodynamic and kinetic coefficients in a wide temperature range from 0 K to 2000 K. Methane steam reforming on Ni was considered as a case study by the developers of the tool and the thermodynamic values for other components and catalysts are determined based on these values. The thermodynamic data for methane steam reforming on Ni originates from a DFT study by Blaylock et al. 28 which applied corrections for experimental data. RMG-cat provides NASA polynomials 34 for the gas phase species and surface species of methane steam reforming on Ni, which were used to calculate the standard enthalpies of formation and standard entropies of the components at a temperature of 923 K. Based on these values, equilibrium coefficients were calculated for all considered reaction steps in all kinetic models, correcting for the standard concentration of 1 mol m‑3 used for the gas phase components in this work. The calculated reaction enthalpies, reaction entropies and equilibrium coefficients are given in Section S2 of the Supporting Information. The calculated equilibrium coefficients were used to a priori calculate the equilibrium of all reaction steps in the kinetic models which were developed in this work.
Numerical solver settings
To ensure that the parameter estimations are as reliable as possible, it is important to run all simulations with a sufficiently high accuracy in order to get a value for the sum of squares which is less affected by numerical variations. It is therefore necessary to get appropriate values for the solver settings of the numerical solver DASPK in order to obtain an accurate solution without significantly increasing the calculation time. These settings include the absolute tolerance, the relative tolerance, the initial time step for integration, the maximal step size and the initial step size. To obtain appropriate values for the tolerances, regressions were run with progressively lower tolerances until the order of magnitude of the 95% confidence intervals remained constant. This led to absolute and relative tolerances amounting to 10‑7 and 10‑6, respectively, which are the values used for all regressions in this work. The tolerances could be further decreased to obtain even more precise solutions, but this would lead to a substantial increase in calculation time, without significantly improving the solution. For the initial time step of the integration ts, a time of 0.0072 s was selected as this led to the fastest integration to the steady-state. The 1% convergence criterion for steady-state, see Section 2.1, is reached quite fast in the models considered in this work, so an integration time of a higher order of magnitude would slow down the procedure. A lower integration time, on the other hand, would be insufficient to reach the steady-state, which means that the code will have to increase the reaction time many times until the 1% convergence criterion is satisfied. Using the same approach as was used for the tolerances, values of 10‑3 s and 10‑9 s were selected for the maximal time step and the initial step size, respectively. The initial step size in particular should be chosen carefully, as increasing the value too much can make it harder to capture the initial phenomena and decreasing the value too much leads to a larger effect of numerical errors on the simulation results.
Model construction
[bookmark: _Hlk57882164][bookmark: _Hlk107569523]The case study considered in the present work focuses on methane steam reforming in a PFR. The dataset comprises 36 experimental points measured over a Ni/MgO‑SiO2 catalyst at a temperature of 923 K, a total pressure of 400 kPa, partial pressures of methane and water ranging from 40 to 140 kPa and from 80 to 320 kPa, respectively, a water to methane ratio ranging from 1.4 to 8 molH2O molCH4‑1 and a space time between 0.96 and 3.36 kgcat s molCH4‑1 5,35. In the following sections, kinetic models are constructed following a top-down methodology. Starting from a simple power law mode, accounting for reversibility (PL-REV) or not (PL-IRR), the complexity of the model is gradually enhanced, starting from a Langmuir‑Hinshelwood‑Hougen‑Watson (LHHW) model that takes into account molecular adsorption of selected components (LHHW-MOL), and a LHHW variant which is based on rate-determining steps from literature (LHHW-DIS-CO), to, ultimately, a fundamental microkinetic model (MK). The first four models are summarized in Table 1‑a, while the more extensive microkinetic model is shown in Table 1‑b. Note that the reaction network for each model ranging from the power law to the microkinetic model needs to be supplied by the user.
[bookmark: _Ref53154644]Table 1-a: Reaction and rate equations, as automatically generated by KASTER for the user-provided reaction network, for the kinetic models in order of increasing complexity, for the steam reforming of methane over a Ni/MgO‑SiO2 catalyst in a PFR. PL-IRR = irreversible power law model, PL-REV = reversible power law model, LHHW-MOL = LHHW model accounting for molecular adsorption, LHHW-DIS-CO = LHHW model accounting for dissociative adsorption and with CO formation16 and COOH formation36 as rate-determining steps
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[bookmark: _Ref64534208]
Table 1-b: Reaction and rate equations, as automatically generated by KASTER for the user-provided reaction network, for the microkinetic model for the steam reforming of methane over a Ni/MgO‑SiO2 catalyst in a PFR. MK = microkinetic model
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Kinetic models
Power law models
Following the top-down approach to kinetic modelling, the most simple and widely-used kinetic model, the irreversible power law model (PL‑IRR), is considered first. In this model, the methane steam reforming reaction and the water-gas-shift reaction are both considered irreversible. The reaction rates are assumed to be first order (i.e., proportional) in the concentrations of the reactants, with the rate coefficients as the proportionality factors. The first enhancement in model complexity, is to consider reversibility in the power law model (PL‑REV). The thermodynamic equilibrium is accounted for by using one equilibrium coefficient per reaction, which is provided by the user to KASTER and can easily be calculated from the formation enthalpies and entropies of the gas phase components. The reverse rate coefficients are then equal to the ratio of the forward rate coefficient and the corresponding equilibrium coefficient.
Langmuir-Hinshelwood-Hougen-Watson models
One of the limitations of the power law model is that interactions between the components and the catalyst are not considered and, hence, that possible effects of competitive adsorption on the catalyst surface are not accounted for. As a next step in the top-down model development, a LHHW model is therefore proposed which considers methane, water, CO and CO2 to adsorb on the catalyst molecularly (LHHW‑MOL). It leads to a model where the rate-determining steps are assumed to be the surface reaction of adsorbed methane and water to adsorbed CO and gas-phase H2, and the surface reaction of adsorbed CO and water to adsorbed CO2 and gas-phase H2. All adsorption steps are assumed to be in equilibrium. For a proper calculation of the equilibria from the ratio of the forward and reverse reaction rates, the reaction orders of the involved steps are taken equal to the stoichiometric coefficients. It was also assumed that hydrogen reacts from the gas phase, as molecular hydrogen adsorption is known to be disfavored thermodynamically 28 and it likely does not have a significant contribution to competitive adsorption. 
For the model at the next level of detail, the LHHW concept is adopted considering dissociative adsorption of the components involved and selecting potential rate-determining steps from literature in order to provide a more realistic description of the reaction compared to the previous LHHW variant. For the water gas-shift reaction, the reaction of adsorbed CO and OH to adsorbed COOH is considered to be rate determining, as reported by de Carvalho et al. 36, while for methane steam reforming, two potential rate-determining steps are considered, i.e., CO formation and methane dissociative adsorption 30,37. Less attention is given to the determination of the rate-determining step of the water-gas shift reaction, as the experimental data suggests that the reaction is close to equilibrium, which means that less kinetic information can be extracted from the experimental data for this reaction. There is still some uncertainty of regarding the elementary steps which are the most kinetically relevant in methane steam reforming. Some studies conclude that the rate-determining step is the formation of CO from adsorbed C and O 16,30,31, while others conclude that the rate-determining step involves the dissociative adsorption of methane 38-42. It can generally be concluded that there is no single rate-determining reaction step 43,44 and that the kinetic relevance of the previously mentioned steps depends on the reaction conditions 30. Jones et al. concluded that, at low temperatures, the formation of CO will exhibit a more pronounced kinetic relevance, while at higher temperatures, the dissociative adsorption of methane will be more kinetically relevant, with a transition between 700 K and 1100 K 30. Wei et al. 37 deduced that methane dissociation would be rate determining at 850 K, based on kinetic modelling, while a DFT study by Blaylock et al. 28 predicts a transition around 1050 K, indicating that there is still some uncertainty on the exact transition point.
Kinetic models were constructed in this work assuming dissociative methane adsorption or CO formation as potential rate-determining steps for methane steam reforming. Only the results of the best-performing model are shown in the manuscript, which is the one assuming CO formation to be rate determining (LHHW‑DIS-CO), as described in Table 1‑a. The results of the LHHW model assuming methane dissociative adsorption to be rate determining (LHHW-DIS-CH4) are shown in Section S3 of the Supporting Information. In the kinetic model with CO formation as a rate-determining step, the dissociation of methane is described to occur in one step forming one C* and 4 H*, even though this is unlikely to occur in one single step. However, as the elementary steps of the complete dissociation of methane are assumed to have no kinetic relevance, it has been modelled as a single step to reduce model complexity and calculation time.
As opposed to the LHHW model with molecular adsorption, no equilibrium could be assumed for the reactions which are not kinetically relevant. This is because the assumption that a certain reactant (with inlet partial pressure different from zero) is in equilibrium with a surface species, which, on its turn, is also assumed to be in equilibrium with a product (with an inlet partial pressure equal to zero), would lead to an undetermined set of equations. The numerical solution of such a set of equations diverges at a reaction time of 0 s, as a surface species cannot be in equilibrium with a reactant if it has a surface coverage amounting to zero. This is illustrated by Equations (7) and (8), in which KA,diss ads is the equilibrium coefficient of the dissociative adsorption of component A and θ∗ is the fraction of empty sites. The surface coverage of H* is proportional to the square root of the partial pressure of H2, which means that both will be zero at the start of the reaction. The surface coverages of other intermediates, such as OH* which is formed through dissociative adsorption of H2O, are inversely proportional to the surface coverage of H*, which means that there is no solution at a reaction time of 0 s. To avoid such an undetermined set of equations constituted by the equilibrium relationships of the (quasi)-equilibrated steps at time zero, actual reaction rates are considered for all steps in the reaction network, with sufficiently high (forward) rate coefficients assigned to the reaction steps which are not kinetically relevant beyond time zero. It was ensured that the rate coefficients used for these steps have practically no effect on the outlet composition of the reactor by increasing these forward rate coefficients until they have no noticeable effect on the sum of squares of the residuals. In other words, the LHHW models with dissociative adsorption are approximated through microkinetic variants, which take the rates of formation and consumption of all intermediates into account.
[bookmark: surface_coverage_H]	(7)
[bookmark: surface_coverage_OH]	(8)
Microkinetic model
To further increase the detail of the model, ultimately, a microkinetic model (MK) is considered. Unlike the previous models, this model takes all individual steps in the reaction mechanism into account and does not assume any rate-determining character for any of the reaction steps, which leads to a significant increase in the number of model parameters. As in the most advanced LHHW model, it is assumed that methane, water, H2 and CO2 undergo dissociation on the catalyst, as opposed to molecular adsorption followed by dissociation, in order to reduce the number of elementary steps. The molecular adsorption can be assumed to be fast with an activation energy close to 0 kJ mol‑1 28,45. In the microkinetic model, the pathway for the formation of CO is considered to be through the reaction of adsorbed C and O, as in the previous LHHW model. Blaylock et al. 28 and Xu et al.46 predict through first principles calculations that this will be the main pathway for CO formation at higher temperatures, while formation of CHO and COH through the reaction of adsorbed CH and O, and adsorbed C and OH, respectively, will be more relevant at lower temperatures. It is therefore assumed that CO will be formed through the reaction and C and O in this model.
Top-down methodology: initial guesses
Following the top-down approach in this work, the parameter estimates obtained for the less-detailed kinetic models were used as a starting point to determine the initial guesses for the more complex ones. The considered approach makes it possible to more easily obtain meaningful parameter estimates for the more complex models and reduces the chance to end up in a local minimum, rather than in the global minimum, upon the minimization of the weighted sum of squares of the residuals. In the very first instance, two rate coefficients are estimated through regression for the irreversible power law model. When only two parameters are varied during the regression, KASTER is sufficiently robust to reach the global minimum, even when the initial guesses are remote from the final optimal parameter estimates. This was verified by performing the regression using (very) different initial guesses. The estimates for the kinetic coefficients which are obtained for this model were subsequently used as initial guesses for the power law model in which reversibility was included. For the LHHW model with molecular adsorption, initial guesses for the two kinetic parameters k1,LHHW‑MOL and k2,LHHW‑MOL can be calculated based on the estimates of the kinetic parameters of the reversible power law model k1,PL‑REV and k2,PL‑REV, respectively, by assuming that the rates of the rate-determining steps of the LHHW model equal the overall rates of the two global reactions in the reversible power law model. After solving the equations, the following expressions are obtained for the initial guesses of k1,REV and k2,REV:
[bookmark: initial_guess_LHHW_MOL_1]	(9)
[bookmark: initial_guess_LHHW_MOL_2]	(10)
[bookmark: _Hlk121670609]KA,mol ads is the equilibrium coefficient of the molecular adsorption of component A and θ∗ is the fraction of empty sites. As these equations require θ∗, or at least its order of magnitude, to be known, several orders of magnitude for θ∗ were tested to determine which one leads to the best initial guesses. A value of 1 proved to optimal, which could be expected, as the catalyst surface will likely not have a high coverage of components at a high temperature of 923 K due to the increased contribution of entropy on the adsorption equilibria 28.
For the LHHW model with CO formation and COOH formation as rate-determining steps, the same approach can be taken by assuming that the rates of the rate-determining steps equal the calculated rates in the reversible power law model. This leads to the following expressions for the initial guesses of the two rate coefficients of the model:
[bookmark: initial_guess_LHHW_DIS_1]	(11)
[bookmark: initial_guess_LHHW_DIS_2]	(12)
In these equations, KA,diss ads represents the equilibrium coefficient of the dissociative adsorption of component A, while KOH,diss and KCH4,full diss are the equilibrium coefficients of the dissociation of OH* to O* and H* and the complete dissociation of CH4 to C* and 4 H*, respectively. As the concentration of H2 varies during the reaction, an average value of 10 mol m‑3 was selected to calculate the initial guesses, which is in the same order of magnitude as the outlet concentrations of H2 and led to satisfactory initial guesses for the LHHW model with CO formation and COOH formation as the rate-determining steps. The appearance of the H2 concentration in the equation indicates that the model has a different reaction order in H2 compared to the original reversible power law model. The implications of the models’ different reaction orders on the simulation results will be further discussed in Section 5. For the microkinetic model, no rate-determining steps are assumed and rate coefficients are estimated for all reactions. The parameter estimates of the previous LHHW model were used as initial guesses for the corresponding reaction steps in the microkinetic model, as in Equation (11) and Equation (12). For the other reaction steps, the initial guesses were taken from a DFT study by Delgado et al.45
[bookmark: initial_guess_MK_1]	(13)
[bookmark: initial_guess_MK_2]	(14)
Results
The parameter estimates for the two power law models, the LHHW model with molecular adsorption and the LHHW model with CO formation and COOH formation as rate-determining steps are reported in Table 2‑a, along with their 95% confidence intervals, while those of the microkinetic model are reported in Table 2‑b. The simulated methane conversion and CO selectivity is compared to the experimentally observed values for all models in Figure 1, while the corresponding parity diagrams are given in Figure 2. Residual figures, showing the discrepancy between the model-simulated and experimentally observed values as a function of the inlet water/methane molar ratio, can be found in Section S4 of the Supporting Information. The input files of all considered kinetic models are shared in the Supporting Information and are described in more detail in Section S5.
[bookmark: _Ref110332973]Table 2-a: Parameter estimates of the rate coefficients with their 95% confidence intervals obtained after regression of the kinetic models of increasing complexity, for methane steam reforming over a Ni/MgO‑SiO2 catalyst in a PFR. PL-IRR = irreversible power law model, PL-REV = reversible power law model, LHHW-MOL = LHHW model accounting for molecular adsorption, LHHW-DIS-CO = LHHW model accounting for dissociative adsorption and with CO formation16 and COOH formation36 as rate-determining steps
	parameter
	estimates
	units

	PL-IRR

	k1
	(1.41 ± 0.14) ·10-3
	mgas6 (mol kgcat s)-1

	k2
	(9.49 ± 0.82) ·10-3
	mgas6 (mol kgcat s)-1

	PL-REV

	k1
	(9.44 ± 1.45) ·10-4
	mgas6 (mol kgcat s)-1

	k2
	(9.43 ± 3.36) ·10-3
	mgas6 (mol kgcat s)-1

	LHHW-MOL

	k1
	(2.47 ± 0.34) ·10+7
	mol (kgcat s)-1

	k2
	(1.73 ± 0.55) ·10+4
	mol (kgcat s)-1

	LHHW-DIS-CO[footnoteRef:2] [2:  The LHHW model with dissociative adsorption was approximated by a microkinetic variant, explicitly accounting for the net rates of formation of intermediates (see Section 3.1.2)] 


	k1
	(1.06 ± 0.04) ·10+8
	mol (kgcat s)-1

	k2
	(1.09 ± 0.03) ·10+4
	mol (kgcat s)-1



Table 2-b: Parameter estimates of the rate coefficients with their 95% confidence intervals obtained after regression of the microkinetic model for methane steam reforming over a Ni/MgO‑SiO2 catalyst in a PFR. MK = microkinetic model
	parameter
	estimates
	units

	MK

	k1
	(8.80 ± 1.15) ·10-2
	mgas3 (kgcat s)-1

	k2
	(6.42 ± 1.12) ·10+7
	mol (kgcat s)-1

	k3
	(2.15 ± 0.27) ·10+8
	mol (kgcat s)-1

	k4
	(1.33 ± 0.26) ·10+10
	mol (kgcat s)-1

	k5
	(3.07 ± 0.37) ·10+0
	mgas3 (kgcat s)-1

	k6
	(1.50 ± 0.23) ·10+8
	mol (kgcat s)-1

	k7
	(2.25 ± 0.26) ·10+8
	mol (kgcat s)-1

	k8
	(1.07 ± 0.21) ·10+7
	mgas3 (kgcat s)-1

	k9
	(2.46 ± 0.62) ·10+6
	mgas3 (kgcat s)-1

	k10
	(1.79 ± 0.22) ·10+6
	mol (kgcat s)-1

	k11
	(7.33 ± 1.24) ·10+10
	mol (kgcat s)-1



Irreversible power law model

Firstly, the irreversible power law model, describing methane steam reforming and water-gas shift as global reactions, is considered. Although no mechanistic detail is included in this model, the general, positive effect of the H2O partial pressure on the methane conversion and its negative effect on the CO selectivity is represented by the model, see Figure 1‑a. Particularly the simulated CO selectivity exhibits a good correspondence with the experimentally observed one, while the simulated methane conversion increases too fast as a function of the H2O partial pressure. This could be indicative of the irreversible power law model better capturing the water-gas shift reaction kinetics compared to those of methane steam reforming. This can also be seen in the parity diagrams, see Figure 2‑a, where lower methane outlet flow rates are generally overpredicted and higher ones are generally underpredicted, while the CO outlet flow rate does not exhibit any pronounced trend.
The parameter estimates for the rate coefficients are individually significant, with relatively narrow 95% confidence intervals. The binary correlation coefficient amounts to 0.88, indicating that the rate coefficients for the steam reforming of methane and the water-gas shift are essentially uncorrelated. The model is globally significant with an F value amounting to 3 103, greatly exceeding the tabulated one of 4, and the weighted sum of squares of the residuals amounts to 3.0. The CPU time required by KASTER to perform the regression of the power law model to the experimental data is approximately 13 min, when performed using a 16 GB RAM laptop with an Intel Core i7 processor. The performance and statistics of this model, along with the other kinetic models, are compared in Section 5 and summarized in Table 3. Despite its simplicity, the irreversible power law model is already able to reproduce the experimental data relatively well. However, it is not a physically realistic model, as reversibility is not accounted for and the simulated methane conversion potentially exceeds the equilibrium conversion.
Reversible power law model

In order to work towards a model which is physically more realistic, a reversible power law model was considered as a next step, in which the reverse reactions of both methane steam reforming and water-gas shift are considered. The rate coefficients of these reverse reactions are calculated by dividing the forward rate coefficients by the equilibrium coefficients as supplied by the user, i.e., no additional adjustable parameters had to be included in the model. Evaluating the performance curves in Figure 1‑b, it can be observed that the agreement with the experimental data has not improved compared to that obtained with the irreversible power law model, and the model fit has, on the contrary, decreased. The shapes of the curves are retained, but the equilibrium limitations as a consequence of the reversibility, slow down the reaction when it approaches equilibrium. The same effect can be observed in the parity diagrams, see Figure 2‑b, where the methane conversion is now underpredicted for most of the observations. If a higher kinetic coefficient were assigned to methane steam reforming, a better fit would be obtained for the methane conversion, but the fit would be significantly worse for the selectivity to CO, even if a higher rate coefficient were assigned to the water-gas shift reaction to compensate for the increased formation of CO. The model enhancement with respect to reversibility of the reactions has, hence, not led to the expected improved agreement between the experimental observations and the model simulations. 
Also on a statistical basis, the power law model considering reversibility performs worse than the one considering irreversible reactions. The parameter estimates for the rate coefficients are individually significant for the power law model considering reversibility as well, although the 95% confidence intervals are broader compared to the ones obtained for the parameters in the irreversible power law model. The binary correlation coefficient is also higher, amounting to 0.94, which is getting very close to the threshold value of 0.95 for considering the parameters to be correlated. The model has an F value for the global significance of the regression amounting to 2 103, which exceeds the tabulated value of 4 and indicates that the model is, indeed, globally significant. The F value, along with the increased sum of squares of the residuals amounting to 5.1, demonstrate, however, that the model performs statistically worse than the irreversible power law model. The CPU time required by KASTER has increased to 23 min, due to the presence of the reverse reactions in the model. Although the model enhancement with respect to reversibility was expected to render the model physically more realistic, the model’s performance has deteriorated, suggesting that even more mechanistic information will be needed to actually improve the model performance. Following this approach, the adsorption of the reactants and products is considered next, as the reaction occurs on a catalyst surface which has not been taken into account so far.
Langmuir-Hinshelwood-Hougen-Watson model with molecular adsorption

In the following step, a LHHW model with molecular adsorption of methane, water, CO and CO2 is considered, which means that the catalyst surface is now accounted for and, hence, potential effects of competitive adsorption can be captured. The rate-determining steps in this model are then the surface reactions, while the adsorption reaction steps are assumed to be in equilibrium. As can be seen from the performance curves and the parity diagrams, shown in Figure 1‑c and Figure 2‑c, respectively, the overall fit is very similar to the one obtained with the reversible power law model, suggesting that considering molecular reactant and product adsorption brings little improvement compared to the reversible power law model. However, it does not lead to contra-indications against the explicit incorporation of adsorption steps in the model either. 
Overall, the model is statistically as significant as the reversible power law model, with an F value for the global significance of the regression amounting to 2 103 as well, although the residual sum of squares is slightly reduced to 4.9. The binary correlation between the parameter estimates also remains almost unchanged, amounting to 0.93. The parameter estimates remain statistically significant but have different values and units now, as the surface species are now the reactants of the rate-determining steps, which are expressed in terms of surface coverage as opposed to gas phase concentrations. KASTER requires a CPU time of 163 min to estimate the model parameters in this case, which is a significant increase and can be attributed to the additional balance equation which has to be solved for the free sites of the catalyst (while the other intermediates are calculated from equilibrium expressions for the adsorption reaction steps). The little improvement in the model performance compared to the reversible power law model suggests that competitive adsorption among molecularly adsorbed species is likely not impacting the kinetics very much at the considered temperature. Indeed, the simulated fraction of free sites θ* still amounts to 0.94 at the highest partial pressures of methane and water in the dataset (140 kPa and 240 kPa, respectively), meaning that the LHHW model with molecular adsorption behaves very close to the power law model considering reversibility. Another model variant, considering the reactants of the rate-determining steps to be different species than simply the molecularly adsorbed gas phase species, may bring more variation in the model and, hence, improvement in its performance.
Langmuir-Hinshelwood-Hougen-Watson model with dissociative adsorption

If the reactants are assumed to dissociatively adsorb on the catalyst surface, a more realistic description of the most probable rate-determining steps comes within reach, which is most commonly believed to be CO formation or CH4 dissociative adsorption for methane steam reforming, as mentioned in Section 3. Two models have been constructed considering CO formation or CH4 dissociative adsorption to be rate determining, but as the former model led to much better results than the latter, only the former is shown in the main body of this work, while the latter is discussed in Section S3 of the Supporting Information. In the LHHW model with CO formation as the rate-determining step in methane steam reforming, the rate-determining step is considered to be the reaction of C* and O* to CO*. As was discussed in Section 3.1.2., the LHHW models considering dissociative adsorption are approximated by their microkinetic variants accounting for the rates of formation and consumption of all intermediates, which means that large rate coefficients are assigned to the reaction steps which are assumed to be in quasi-equilibrium. The performance curves in Figure 1‑d exhibit a much better agreement between the simulated and the experimentally observed CH4 conversion compared to the previous models. This significant improvement is also reflected in the parity diagrams in Figure 2‑d, where both outlet flow rates of CH4 and CO are reproduced more accurately by the model.
[bookmark: _Hlk78544083]The parameter estimates are statistically significant and have the most narrow 95% confidence intervals of all models, which can be expected based on the model’s good performance despite having only two parameters to be estimated. The F value for the global significance of the regression pronouncedly increases to 7 103 as a result of the much lower weighted residual sum of squares of 1.4 without having to recur to a higher number of parameters. The binary correlation coefficient of the two parameters amounts to only 0.38, which is much lower than for the previous three models. The CPU time required by KASTER to perform the regression of the model, on the other hand, has increased to 34 h, due to the higher number of mass balance equations that need to be solved, as the net rates of formation are considered for all intermediates in this model. In the next step, a microkinetic model is constructed without making any assumptions on the rate-determining character of the reaction steps and realistic values will be assigned to rate coefficients of all reaction steps. Where the solution of such a detailed model using the steady-state solution of the systems of differential and algebraic equations could not be considered in our previous work5, the transient solution manner now enables proceeding to the highest level of detail, due to the improved robustness of the methodology.
Microkinetic model

Ultimately, a microkinetic model accounting for all elementary steps in methane steam reforming and water-gas shift is considered, leading to eleven model parameters. The performance curves in Figure 1‑e show a similar, slightly improved, performance compared to those of the previous model, with the methane conversion as a function of the partial pressure of water having a more flattened shape now. The decrease in conversion at the highest water/methane ratios is still not captured by the model and has instead led to a compromise between the high methane conversion at low water/methane ratios and the low methane conversion at high water/methane ratios. This means that the observed negative effect of the addition of water on the methane conversion cannot be explained by the presented microkinetic model either. The performance curve for the CO selectivity as a function of the partial pressure of water, also exhibits a slight improvement compared to the previous kinetic model, especially at lower water/methane ratios. The parity plots, shown in Figure 2‑e, also indicate this small improvement compared to the previous model, but it is not sufficient to justify the addition of nine model parameters, also see the statistical assessment of the microkinetic model below.
The parameter estimates are also for the case of the microkinetic model statistically significant with quite narrow 95% confidence intervals. Given the limited improvement in agreement between model simulations and experimental data with the microkinetic model compared to the LHHW model considering dissociative adsorption, it is unlikely that these confidence intervals are entirely trustworthy. The, nevertheless, pronounced statistical significance of the kinetic parameter estimates could stem from the non-linearity of the model. It is known that the 95% confidence intervals as calculated by ODRPACK can be inaccurate depending on the non-linearity of the model and the variance in the experimental errors25. For this reason, a sensitivity analysis was conducted to determine the effect of each parameter on the model simulations and is presented in Section S6 of the Supporting Information. The sensitivity analysis demonstrates that the confidence intervals reported above are not (entirely) trustworthy. Particularly for the kinetically less relevant or even irrelevant steps, varying the rate coefficients does not affect the solution significantly. In fact, the only reaction steps which significantly influence the global reaction rate are CO formation, methane dissociative adsorption and COOH formation, which means that the other model parameters cannot be estimated meaningfully in this model. When complex models such as microkinetic models are constructed, it is, hence, better to perform such a sensitivity analysis of the parameters, rather than relying on the statistically determined confidence intervals.
The F value for the global significance of the regression has decreased to 1 103, making the microkinetic the least globally significant out of all models according to this criterion. This decrease is a result of the addition of nine model parameters compared to the other models, despite having the lowest weighted residual sum of squares amounting to 1.2. The maximum absolute value of the binary correlation amounting to 0.50 indicates that the model parameters can still be considered uncorrelated as the value remains well below the threshold of 0.95. It can be concluded that despite exhibiting the best correspondence with the available experimental data, the improvements associated with the microkinetic model compared to the other kinetic models are not significant enough to justify the large increase in model complexity, as illustrated by the F value.
As CO formation, methane dissociative adsorption and COOH formation are the only reaction steps which were found to be kinetically relevant, a model was constructed in which only these steps are assumed to be kinetically relevant (CO-CH4), see Section S3 of the Supporting Information. The results of this model are visually identical to those of the microkinetic model, despite having a lower number adjustable parameters. Although the latter model is statistically more significant than the microkinetic model due to its lower number of adjustable parameters, the utility of the microkinetic model lies in the fact that no quasi-equilibrium is assumed and the model has the freedom to indicate which reactions are kinetically relevant.
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	d) LHHW-DIS-CO[footnoteRef:3] [3:  The LHHW model with dissociative adsorption was approximated by a microkinetic variant, explicitly accounting for the net rates of formation of intermediates (see Section 3.1.2)] 
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[bookmark: _Ref110347320]Figure 1: Performance curves for the kinetic models for methane steam reforming over a Ni/MgO-SiO2 catalyst in a plug flow reactor, comparing simulated (lines) and experimentally observed (symbols) values for CH4 conversion (left) and CO selectivity (right): a) irreversible power law model (PL-IRR), b) reversible power law model (PL-REV), c) LHHW model accounting for molecular adsorption (LHHW-MOL), d) LHHW model accounting for dissociative adsorption and with CO formation16 and COOH formation36 as rate-determining steps (LHHW-DIS-CO), e) microkinetic model (MK). The model-simulated values are obtained from Eqs. (1)-(2) with the parameters presented in Table 2-a and Table 2-b. ■: 40 kPa inlet partial pressure of CH4 and space time of 3.36 kg s molCH4−1 , ●: 80 kPa inlet partial pressure of CH4 and space time of 1.68 kg s molCH4−1, ▲: 120 kPa inlet partial pressure of CH4 and space time of 1.12 kg s molCH4−1.
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	d) LHHW-DIS-CO[footnoteRef:4] [4:  The LHHW model with dissociative adsorption was approximated by a microkinetic variation accounting for the rates of formation and consumption of intermediates (see Section 3.1.2)] 
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[bookmark: _Ref110349280][bookmark: _Hlk84952022]Figure 2: Parity diagrams for the responses of the kinetic model for methane steam reforming over a Ni/MgO-SiO2 catalyst in a plug flow reactor with the outlet flow rates of CH4 (●, left) and CO (▲, right) as the responses: a) irreversible power law model (PL-IRR), b) reversible power law model (PL-REV), c) LHHW model accounting for molecular adsorption (LHHW-MOL), d) LHHW model accounting for dissociative adsorption and with CO formation16 and COOH formation36 as rate-determining steps (LHHW-DIS-CO), e) microkinetic model (MK). The model-simulated values are obtained from Eqs. (1)-(2) with the parameters presented in Table 2-a and Table 2-b.
Discussion
Thanks to the coupling of a transient solution methodology with top-down kinetic modeling, several kinetic models with increasing detail, including a microkinetic variant, could be constructed for methane steam reforming (including water-gas shift). The characteristics of these kinetic models are summarized in Table 3. This includes the F value for global significance of the model, the BIC criterion, the sum of squares of the residuals between the experimentally observed responses and the model calculated ones for methane and CO, and the weighted sum of squares of the residuals to assess the performance of the model. The maximal absolute value of the binary correlation coefficients is also shown, along with the CPU time required by KASTER to perform the regression and the number of parameters for each of the models. 
[bookmark: _Ref108774607][bookmark: _Hlk113456449]Table 3: Overview of the F value for global significance of the model (along with the tabulated F value Ftab), the BIC criterion, sum of squares of the residuals between the experimentally observed responses and the model calculated ones for CH4 and CO, the weighted residual sum of squares, the maximum absolute value of the binary correlation coefficients, the CPU time required by KASTER to perform the regression and the number of parameters. In order of increasing complexity: PL‑IRR = irreversible power law model, PL‑REV = reversible power law model, LHHW‑MOL = LHHW model accounting for molecular adsorption, LHHW‑DIS‑CO = LHHW model accounting for dissociative adsorption and with CO formation16 and COOH formation36 as rate-determining steps, MK = microkinetic model
	
	PL-IRR
	PL-REV
	LHHW-MOL
	LHHW-DIS-CO
	MK

	F value (Ftab)
	3∙103 (4)
	2∙103 (4)
	2∙103 (4)
	7∙103 (4)
	1∙103 (3)

	BIC criterion
	-82
	-63
	-65
	-110
	-82

	resSSQ(CH4)
	0.7
	1.2
	1.1
	0.3
	0.2

	resSSQ(CO)
	2.3
	3.9
	3.8
	1.1
	1.0

	resSSQ(tot)
	3.0
	5.1
	4.9
	1.4
	1.2

	|corr(i,j)|max
	0.88
	0.94
	0.93
	0.38
	0.50

	CPU time
	13 min
	23 min
	163 min
	34 h
	46 h

	np
	2
	2
	2
	2
	11



Model statistics

The evolution in the total weighted sum of squares of the residuals indicates that an increase in model complexity generally results in a better fit between the simulations and the experimentally observations, although the irreversible power law model performed better than the following two models. This decrease in the weighted sum of squares of the residuals can also be attributed to the top-down methodology which was adopted in this work, as the parameter estimations of previous models were used as initial guesses for the following models. Good initial guesses become more critical, especially when a large number of adjustable parameters is considered, which makes the microkinetic model particularly sensitive to the choice of the initial guesses. For a simple power law model the solution is (almost) unique and the global minimum is quite pronounced, such that even with poor initial guesses, the optimal solution can be found. However, for more complex models, finding the optimal solution in the parameter space becomes more challenging as more local minima may develop and initial guesses remote from the optimal solution may lead the regression towards a suboptimal solution, i.e., a local minimum in the weighted sum of squares of the residuals. To ensure an ‘automatic’ optimal solution of the more complex model, it is essential to reduce the large number of adjustable parameters as much as possible without impacting the model description and accuracy, e.g. by using equilibrium coefficients obtained from first principle calculations, as was done in this work.
Based on the F value for the global significance of the model, it can be concluded that the LHHW model accounting for dissociative adsorption and with CO formation as a rate-determining step performs the best by far, as it has the highest F value. Although the microkinetic model leads to the smallest weighted sum of squares of the residuals, it is penalized for its eleven adjustable parameters, as opposed to the only two parameters for all other models, which led to the lowest F value out of all models. This means that the incorporation of the nine additional adjustable parameters did not lead to an improvement that is sufficiently significant to justify their presence in the model. The same conclusion can be made based on the BIC criterion, which is more negative for better performing models.
The model in which CO formation, methane dissociative adsorption and COOH formation are assumed to be the only kinetically relevant steps (see Section S3 of the Supporting Information), which was constructed based on the findings from the microkinetic model, also exhibits a good statistical performance. The model has an F value of 5∙103 for its global significance, making it the second most significant model, and a value of -112 for the BIC criterion, which is slightly better than that of the LHHW model with CO formation and COOH formation as rate-determining steps. Although the microkinetic model is not the worst performing model according to this criterion, it demonstrates the usefulness of assuming (quasi-)equilibrium for some of the reaction steps to obtain more statistically significant models. The maximum absolute value for the binary correlation coefficient reveals that in all models, the parameters can be considered uncorrelated, as it is below 0.95 in all cases. The correlation is the lowest in the LHHW model with CO formation and COOH formation as rate-determining steps model, which reinforces the model’s reliability and indicates that the adjustable model parameters were well-selected. It can be concluded that the statistically preferred models are the LHHW model with CO formation and COOH formation as rate-determining steps and the kinetic model with CO formation, methane dissociative adsorption and COOH formation as kinetically relevant steps, while the microkinetic model is useful for probing the potential kinetic relevance of all reaction steps.

Reaction orders
To better understand the models’ different performances, an assessment of the physical meaning is made by looking deeper into the kinetically relevant/rate-determining steps of the different kinetic models and the resulting reaction orders of the components. In Table 4, the reaction orders of methane, water, CO and H2 are summarized if a certain (elementary) step is considered to be rate determining for methane steam reforming. If the reaction is assumed to occur through one global gas phase reaction as in the reversible power law model, it is evident that methane and water will both have a reaction order of 1. In the performance curves of Figure 1‑b, it could be seen that the curve did not have the right shape and the conversion increased too fast as a function of the water partial pressure. When a global reaction of molecularly adsorbed methane and water is considered, as in the LHHW model with molecular adsorption, the reaction orders of the components remain unchanged. As the calculated equilibrium coefficients of the molecular/dissociative adsorptions of the gas phase components at 923 K are too low for the effects of competitive adsorption to play a role, the fraction of empty sites θ* will not affect the reaction orders in any of the considered models. In the simulations using this model, the fraction of empty sites θ* is never below 0.94. The behavior of the LHHW model with molecular adsorption can, therefore, be considered practically identical to the gas phase reaction in terms of kinetics at the considered reaction conditions, which is why the shape of the performance curve in Figure 1‑c generally remains unchanged. If the dissociative adsorption of methane is considered to be rate determining, as is often reported in literature38, the effect of water on the reaction rate is essentially eliminated from the model and the reaction order of water becomes 0, while that of methane remains 1. A LHHW model with dissociative adsorption of methane as the rate-determining step in methane steam reforming was considered in this work (see Section S3 of the Supporting Information), but led to much worse results than the LHHW model with CO formation as the rate-determining step in methane steam reforming. It was not able to reproduce the positive effect of the partial pressure of water on most of the experimental results and generally underestimated the methane conversion quite strongly, leading to a weighted residual sum of squares amounting to 3.5. The LHHW model considering CO formation as a rate-determining step, on the other hand, was able to reproduce most of the trends in the experimental data. When this step is rate determining in methane steam reforming, the reaction orders of methane and water remain 1, while H2 gets a reaction order of -3, assuming that the surface coverage of free sites θ* is close to 1. This can be understood by looking at Equation (15), where the forward reaction rate of MSR is rewritten in terms of the gas phase concentrations, as opposed to surface coverages, using an apparent rate coefficient and assuming that the dissociations of methane, water and H2 are in (quasi‑)equilibrium. The negative effect of H2 leads to a significantly different shape of the performance curve, as can be seen in Figure 1‑d. Methane steam reforming produces H2 which will slow down the reaction more as the methane conversion increases, leading to a flatter shape in the performance curve, showing a good correspondence with the experimental data. 
[bookmark: rate_CO_formation]	(15)
[bookmark: _Ref108787436]Table 4: Overview of the reaction orders of methane, water, CO and H2 if a certain reaction is considered to be rate determining, assuming that the forward reaction mostly determines the reaction order. The considered reactions are: a) the global reaction of gas phase methane and water, b) the global reaction of adsorbed methane and water, c) dissociative adsorption of methane, d) CO formation through the reaction of adsorbed C and O. Corresponding models: PL‑REV = reversible power law model, LHHW‑MOL = LHHW model accounting for molecular adsorption, LHHW‑DIS‑CH4 = LHHW model accounting for dissociative adsorption and with methane dissociative adsorption38 and COOH formation36 as rate-determining steps (see Section S3 of Supporting Information), LHHW‑DIS‑CO = LHHW model accounting for dissociative adsorption and with CO formation16 and COOH formation36 as rate-determining steps
	
	rate-determining step of MSR
	reaction orders
	corresponding model

	
	
	CH4
	H2O
	H2
	CO
	

	a)
	
	1
	1
	0
	0
	PL-REV

	b)
	
	1
	1
	0
	0
	LHHW-MOL

	c)
	
	1
	0
	0
	0
	LHHW-DIS-CH4

	d)
	
	1
	1
	-3
	0
	LHHW-DIS-CO



The findings in this work suggest that CO formation is the most likely rate-determining step of methane steam reforming at the considered reaction conditions (T = 923 K), as opposed to dissociative adsorption of methane, which is often considered to be rate determining, in particular at higher temperatures (with a transition between 700 K and 1100 K)30. Although the partial pressure of water generally had a positive effect on the conversion at most experiments, which was well reproduced by the LHHW model with dissociative adsorption, the effect was negative when the partial pressure of water was further increased to 280 kPa and 320 kPa, at a partial pressure of 40 kPa of methane, as can be seen in Figure 1, and this effect is not captured by the model. Many different reaction orders have been observed in literature for water, including positive reaction orders17,47, reaction orders of zero48,49 and negative reaction orders50,51. The positive reaction order in this work could be attributed to CO formation having a pronounced kinetic relevance, while a potential reaction order of zero could be attributed to dissociative adsorption of methane becoming kinetically relevant. Negative reaction orders of water are harder to explain and this effect could not be reproduced by any of the kinetic models presented in this work at a higher partial pressures of water. This could be expected as water does not have a negative effect on any of the individual reaction steps in the considered reaction mechanisms. The potential negative reaction order of water is sometimes attributed to competitive adsorption5,52, but the molecular/dissociative adsorption equilibrium coefficients obtained from first principles calculations indicate that the gas phase species are highly favored thermodynamically compared to their adsorbed counterparts28,29, at the very high temperatures (900-1300 K) which are usually employed for methane steam reforming5. However, the first principles calculations only consider the interaction between the catalyst surface and the adsorbed component, while in reality adsorbed molecules will possibly affect the adsorption of subsequent molecules, especially for polar components such as water. It is therefore possible that competitive adsorption does play a role at higher partial pressures of water, even if it is not supported by the considered first principles calculations.
Calculation time

Finally, it is also important to look at the calculation time which is required by KASTER for each regression. Generally speaking, the calculation time will be significantly higher for a transient solution than for a steady-state solution, as the transient plug flow reactor model is simulated as a sequence of 50 CSTR reactors, see Section 2.1, leading to 50 times more reactor model equations. For the irreversible power law model, the tool is still relatively fast, as the model is very simple, and a little more calculation time is needed when the reverse reactions are considered as well in the reversible power law model. For the LHHW model with molecular adsorption, the calculation time increases by a factor of 7, as the catalyst surface is now also taken into account, leading to an additional balance equation for the empty surface sites, while the surface coverages of the intermediates are calculated from equilibrium expressions. The calculation time substantially increases from 163 min to 34 h when dissociative adsorption is considered instead of molecular adsorption. As was previously discussed in Section 3.1.2, the set of equations expressing the adsorption equilibria at the inlet conditions has no solution in case of the LHHW model accounting dissociative adsorption and CO formation and COOH formation as rate-determining steps. As a result, the latter model was approximated by a microkinetic variant accounting for the net rates of formation of all surface intermediates in which high rate coefficients were assigned to the kinetically irrelevant reaction steps. This had led to the addition of six additional surface intermediate balance equations, which significantly increases the calculation time. For the microkinetic model, the calculation time further increased to 46 h, partly as a result of three additional surface intermediate balance equations. The calculation time benefits from the fact that no quasi-equilibrium was assumed and more realistic values were assigned to all elementary reaction steps, which significantly improves the numerical stability of the code. However, as the model has eleven parameters in this case, the regression still a long time, as a result of the many iterations performed by the Levenberg-Marquardt algorithm. To decrease the calculation time, possible future approaches include using a different number of discretization points in the transient plug flow reactor model.
Due to the computational cost and the effort and knowledge required by the developer during their construction, microkinetic models are in practice mostly considered by chemists and chemical engineers in a research environment. LHHW models are ideally suited when fast and reliable simulations are essential, e.g., for control purposes. Nevertheless, the optimal model can be considered the one that best suits the needs of the user, which depends on the final application and is generally a matter of the trade-off between model detail, the retained information and the computational time.

Conclusions
[bookmark: _Hlk121834747]A versatile software tool, denoted as ‘KASTER’, has been developed for the automatic construction of kinetic models based on a user-provided reaction mechanism. It perfectly fits within a top-down approach to kinetic modelling in which model complexity is gradually increased to, ultimately, establish a meticulous balance between detail which is accounted for and avoiding overparameterization. A transient solution strategy was implemented to ensure more robust model simulations, partly at the expense of longer calculation times.
Following this methodology, several kinetic models have been constructed for methane steam reforming and the side reaction water-gas shift, as a case study. The mechanistic details incorporated in the kinetic models increased from a simple irreversible power law model to a microkinetic one. The best-performing model was found to be a LHHW model accounting for dissociative adsorption, with CO formation and COOH formation as the rate-determining steps for methane steam reforming and water-gas shift, respectively. As CO formation and methane dissociative adsorption are both known to be potential rate-determining steps in methane steam reforming at lower and higher temperatures, respectively, with a transition between 700 K and 1100 K, this work indicates that CO formation has an important kinetic relevance at 923 K. The good performance of the LHHW model with CO formation and COOH formation as the rate-determining steps compared to the previous models shows the importance of a correct description of the surface species involved in kinetically relevant reaction steps. The developed microkinetic model, on the other hand, made it possible to probe all elementary steps in the reaction, but was generally overparametrized compared to the LHHW model in which CO formation was rate determining for methane steam reforming. However, the model indicates that methane dissociative adsorption is not kinetically irrelevant in methane steam reforming at 923 K. This illustrates how the use of microkinetic modelling contributes to the determination of the kinetic relevance of reaction steps. In view of the ultimate statistical significance of the model and its parameters, it remains necessary, however, to apply the (quasi)-equilibrium hypothesis to the kinetically irrelevant steps to limit the number of adjustable parameters .

[bookmark: _Toc482697165]Notation
[bookmark: _Toc482697166]Roman letters
CA		= concentration of A in the gas phase, mol m-3gas
corr(i,j)	= binary correlation coefficient of model parameters i and j, -
FA		= molar flow rate of A, mol s-1
FV		= volumetric flow rate, m3gas s-1
k		= rate coefficient, case dependent
Keq		= equilibrium coefficient, case dependent
LA		= surface concentration of A on the catalyst, mol kg-3cat
np		= number of parameters, -
r		= reaction rate, mol kg-1 s-1
resSSQ 	= weighted residual sum of squares, mol2 s-2
RW,A		= net production rate of component A, mol kg-1cat s-1
t		= time, s
ts		= initial time step in transient reactor model integration, s
W		= catalyst mass, kg
wj		= weight of response j in calculation of resSSQ, -
[bookmark: _Toc482697167]Greek letters
ε		= gas fraction in the reactor, m3gas m-3r 
θ		= surface coverage, -
ρ		= density of the gas, kg m-3gas
ρbed		= density of the catalytic bed, kgcat m-3r
[bookmark: _Toc482697168]Subscripts
*		= adsorbed
in		= inlet
out		= outlet
Tave		= average temperature
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