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Alkaline pretreatment of herbaceous feedstocks such as corn stover prior to mechanical refining and enzymatic saccharification improves downstream sugar yields by removing acetyl moieties from hemicellulose. However, the relationship between transport phenomena and deacetylation kinetics is virtually unknown for such feedstocks and this pretreatment process. Here, we report the development of an experimentally validated reaction–diffusion model for the deacetylation of corn stover. A tissue-specific transport model is used to estimate transport-independent kinetic rate constants for the reactive extraction of acetate, hemicellulose and lignin from corn stover under representative alkaline conditions (5–7 g L−1 NaOH, 10 wt% solids loadings) and at low to mild temperatures (4–70°C) selected to attenuate individual component extraction rates under differential kinetic regimes. The underlying transport model is based on microstructural characteristics of corn stover derived from statistically meaningful geometric particle and pore measurements. These physical descriptors are incorporated into distinct particle models of the three major anatomical fractions (cobs, husks and stalks) alongside an unsorted, aggregate corn stover particle, capturing average Feret lengths of 917–1239 μm and length-to-width aspect ratios of 1.8–2.9 for this highly heterogeneous feedstock. Individual reaction–diffusion models and their resulting particle model ensembles are used to validate and predict anatomically-specific and bulk feedstock performance under kinetic-controlled vs. diffusion-controlled regimes. In general, deacetylation kinetics and mass transfer processes are predicted to compete on similar time and length scales, emphasizing the significance of intraparticle transport phenomena. Critically, we predict that typical corn stover particles as small as ∼2.3 mm in length are entirely diffusion-limited for acetate extraction, with experimental effectiveness factors calculated to be 0.50 for such processes. Debilitatingly low effectiveness factors of 0.021–0.054 are uncovered for cobs—implying that intraparticle mass transfer resistances may impair observable kinetic measurements of this anatomical fraction by up to 98%. These first-reported quantitative maps of reaction vs. diffusion control link fundamental insights into corn stover anatomy, biopolymer composition, practical size reduction thresholds and their kinetic consequences. These results offer a guidepost for industrial deacetylation reactor design, scale-up and feedstock selection, further establishing deacetylation as a viable biorefinery pretreatment for the conversion of lignocellulosics into value-added fuels and chemicals.
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INTRODUCTION
Lignocellulosic biomass has long been investigated as a renewable feedstock for the production of biofuels and bio-based chemicals. Modern biorefinery strategies employ chemical pretreatment steps to alter feedstock structure and composition in order to enhance downstream bioproduct yields (Mosier et al., 2005; Rollin et al., 2011; Yang et al., 2017). One such pretreatment is deacetylation, or the selective, reactive removal of enzyme-inhibiting (Palmqvist and Hahn-Hägerdal, 2000; Mills et al., 2009) acetyl functionalities from the hemicellulose component of herbaceous feedstocks such as corn stover (Chen et al., 2012; Chen et al., 2016). Deacetylation features advantages of mild temperature and ambient pressure chemical processing and occurs prior to mechanical refining (a combination termed DMR) and enzymatic saccharification (Chen et al., 2019). Corn stover DMR enables high sugar monomer concentrations (≤230 g L−1) and subsequent ethanol titers (≤86 g L−1) at substantial projected cost savings (Tao et al., 2012; Chen et al., 2016). Basic environments enhance deacetylation rates in aqueous media, and the treatment introduces nanoscale porosity via mesoscale plant tissue-loosening for increased enzyme accessibility (Lima et al., 2018). Lignin and small amounts of hemicellulose are also co-extracted under these conditions. Separately, extracted DMR lignin is a promising access point for co-valorization and has received recent literature attention (Karp et al., 2014; Katahira et al., 2016; Kruger et al., 2016; Rodriguez et al., 2017; Xu et al., 2020).
Nonetheless, little is known about the coupled chemistry and physics of deacetylation processes, particularly at the biomass particle scale where such phenomena are known to compete in other biorefinery steps (Luterbacher et al., 2013; Thornburg et al., 2020; Ciesielski et al., 2021). While biomass transport phenomena are typically discussed qualitatively (Viamajala et al., 2010), studies on alkaline deacetylation often only quantitatively emphasize end-of-experiment performance metrics such as liquor yield, molecular weight (MW) distribution or residual solids compositional analysis (Karp et al., 2014; Lima et al., 2018), which do not account for transient behaviors, such as diffusion or heat transfer, that occur throughout the course of reaction. Others have reported alkaline decomposition kinetics of lignin model compounds (Gierer et al., 1977; Shimizu et al., 2012; Shimizu et al., 2013), although these insights are not readily extensible to real biomass, where cell wall biopolymer assemblies and tissue pore structures at the nanoscale and mesoscale, respectively, heavily influence experimental kinetic measurements (Min et al., 2014; Lima et al., 2018). Indeed, given the complexity surrounding experimental diffusion measurements (Jakes et al., 2020), few reports attempt to quantify the significant mass or heat transfer effects that accompany deacetylation of real biomass (Costanza and Costanza, 2002), especially as they apply to complicated continuous reactor configurations such as packed corn stover beds (Sahayaraj et al., 2021) or twin-screw extruders (Morales-Huerta et al., 2021). Lastly, the vast majority of these studies employ whole (unsorted) corn stover as the feedstock, despite the known structural and compositional differences among its major anatomical fractions (Min et al., 2014), which are expected to imbue unique kinetic and physical transport properties.
Ultimately, the untangling of chemical kinetics from mass and heat transfer and from plant anatomy is paramount to reconcile laboratory reactor data, practical feedstock comminution targets, and engineering scaling principles in overall biorefinery process development (Ciesielski et al., 2021). Some of us have recently utilized a generalizable mesoscale modeling framework to determine the transport-independent kinetics of condensed-phase biomass fractionation processes, first demonstrated for the methanolysis of poplar hardwood (Thornburg et al., 2020). These models leverage feedstock-specific measurements of particle geometries and tissue microstructures to inform assumptions of mass transport phenomena, while experimental reactor temperature profiles capture the non-isothermality of such dynamic pretreatment systems. Batch reactor experiment campaigns using known biomass particle size ranges then enable the mathematical regression of kinetic rate parameters within non-isothermal reaction–diffusion simulations evaluated for representative particle sizes and pretreatment conditions.
Here, we extend this two-dimensional (2D) mesoscale modeling approach to the sodium hydroxide-mediated deacetylation of corn stover. We develop first-principled reaction–diffusion models (i) to calculate transport-independent, anatomically-specific kinetic rate parameters describing corn stover deacetylation and (ii) to identify practical particle size thresholds for kinetic vs. mass transfer control. These actionable, quantitative relationships connect key insights of corn stover anatomy with biorefinery reactor performance, informing new best practices for feedstock preparation, experimentation and scaling.
EXPERIMENTAL AND COMPUTATIONAL METHODS
While brief descriptions are provided below, full details of feedstock preparation, batch kinetics, liquor analysis, imaging and computational techniques are included in Supplementary Material (SM).
Materials Preparation and Characterization
Unsorted (whole, WH) corn stover received from Idaho National Laboratory (INL) was manually separated into cob (CB), husk (HS) and stalk (SK) anatomical fractions, and each of the four fractions was milled with a 2-mm screen in a laboratory-scale Wiley mill. Kramer corn stover (KR) was cultivated on Kramer farm in Wray, Colorado, and prior to experimental use at the National Renewable Energy Laboratory (NREL), KR was Wiley milled through a 2-mm screen without additional sorting. Compositional analysis was performed for each milled fraction following standard NREL Laboratory Analytical Protocols (Sluiter et al., 2005; Sluiter et al., 2008b). Particle size measurements were collected via external analysis performed by Microtrac, Inc. for each corn stover sample, while data distributions were analyzed in MATLAB R2021a. Select particles were imaged via X-ray computed tomography (XCT) in three vertical segments while rotating a complete 360° revolution; resultant radiographs were dimensionally reconstructed before data processing and visualization using the open-source NREL Microstructure Analysis Toolbox, MATBOX (Cooper et al., 2016; Arganda-Carreras et al., 2017; Usseglio-Viretta et al., 2020; Pettersen et al., 2021; Sun et al., 2021; Usseglio-Viretta et al., 2022). Segmentation and characterization methods leverage threshold selection and denoising methods developed by others (Otsu, 1979; Buades et al., 2005; Villanova et al., 2013; Tanaka, 2021). See Supplementary Table S1 and SM methods discussion for details.
Batch Kinetics and Product Characterization
Batch reactor experiments were conducted with a 10 wt% solids loading (500 ± 5 mg feedstock) in 10-ml glass reactor vials placed in the center wells of an aluminum block subjected to temperature-regulated heating (40°C, 70°C and higher-temperature experiments) or cooling in an ice-water bath (4°C experiments). Final sodium hydroxide (NaOH) concentrations in the 5.00 mL total reaction volume were either 5.00, 7.00 or 9.00 g L−1 (preliminary screening only). While some experiments were subjected to periodic vortexing, typical batch experiments remained unagitated for a prescribed reaction duration (0, 2, 5, 10, 20, 60 min or longer) before being quenched via vacuum filtration.
Upon neutralization, filtrate liquors were analyzed for total sugars (via 4% sulfuric acid hydrolysis), acetate (via sulfuric acidification) and soluble lignin (via dilution in water) by high-performance liquid chromatography (HPLC) following standard NREL Laboratory Analytical Protocols (Sluiter et al., 2008a; Sluiter et al., 2008b).
Computational Modeling
2D axisymmetric corn stover models were constructed and tetrahedrally meshed directly in COMSOL Multiphysics 5.6 for finite-element computational fluid dynamics (CFD) simulations. Kinetic rate coefficients were regressed to experimental batch reactor data via the COMSOL–MATLAB R2021a API using an iterative generalized least-squares estimation procedure. Initial guesses for coefficients were randomly perturbed by ±20% via an exterior function, and parameters were iteratively re-fit to prevent convergence of the algorithm onto local minima. Classical molecular dynamics (MD) simulations were conducted using CHARMM program (MacKerell et al., 1998; Hynninen and Crowley, 2014) along with SHAKE and PME algorithms (Darden et al., 1993; Kräutler et al., 2001) to estimate diffusion coefficients (see Supplementary Equation S1) in NaOH solution (Jorgensen et al., 1983) at 4–90°C for solutes xylan (Guvench et al., 2008; Hatcher et al., 2009) [degree of polymerization (DP) 1–5, 10], lignin (Orella et al., 2019; Vermaas et al., 2019) [DP 1–5, 10; see Supplementary Table S2 for decamer linkage details (Min et al., 2014)], and acetate (Vanommeslaeghe et al., 2010) and hydroxide anions.
RESULTS AND DISCUSSION
Deacetylation Activity Benchmarking and Experimental Design
The first objective of this study is to determine suitable laboratory reaction conditions amenable to analytical measurements of individual corn stover components (i.e., acetate, xylan and lignin) within differential kinetic (i.e., <15 wt% extraction) regimes. Notably, the intended goal is not to maximize yield, but rather to identify reaction conditions that elucidate important kinetic and mass transport information. Key handles for such laboratory experiments include reactor volume, temperature, corn stover loading, NaOH concentration and agitation. A highly characterized NREL Kramer corn stover (KR) sample was selected for initial activity screening and selection of reaction conditions given its similarity in composition to whole (WH) corn stover received from INL and its anatomical fractions (CB, HS, SK) (Supplementary Table S3). As a preliminary trial set, KR deacetylation was examined at 10 wt% solids loading in 5–9 g L−1 NaOH in 5 mL total reaction volume at 85–95°C for durations of up to 120 min (Chen et al., 2012; Tao et al., 2012; Chen et al., 2016; Katahira et al., 2016), with subsequent HPLC analysis conducted on soluble acetate, xylan and lignin products in the resultant vacuum-filtered liquor phase (Sluiter et al., 2008a); we note that structural glucan is not extractable for any corn stover feedstock under any condition reported here. Further, lignin extracted during the course of deacetylation is likely to be non-structural in nature, or possibly bound through lignin–carbohydrate complex ester linkages (akin to the ester cleavages required to remove acetate). However, alternate mechanisms such as de-etherification or de-esterification of structural lignin polymers are known to require significantly higher reaction temperatures (e.g., 270–300°C) than those studied here (Katahira et al., 2016). Results are summarized in Supplementary Figure S1. While NaOH concentration is monotonically related to overall component yield, each yield profile illustrates minimal time or temperature dependence, suggesting that deacetylation chemistries occur too rapidly at such conditions to allow for insightful kinetic measurements.
Hence, to slow observable reaction rates, KR was next screened at 4 and 20°C for 5–9 g L−1 NaOH loadings with and without periodic vial vortexing (Supplementary Figure S2) to assess the impact of agitation on time-course yields for reaction times up to 30 min. Overall, yields of each acetate, xylan and lignin plateau around 20 min, with similar extents of extraction observed for 5 and 7 g L−1 conditions and higher final yields for 9 g L−1. Importantly, minimal differences are observed between vortexed and unagitated data sets (Supplementary Figure S2), implying that external (film) mass transfer at the exterior corn stover surface does not impact liquid-phase yield measurements at this reactor scale. This finding allows for important simplifications to particle-scale reaction–diffusion models developed and validated later in this study (vide infra).
From the initial KR trials, a final set of reaction conditions is selected for the primary study of WH corn stover deacetylation and that of its anatomical fractions, CB, HS and SK: each fraction is Wiley milled to <2 mm and evaluated at 500 mg loadings in 5 mL total reaction volume, without agitation, at initial NaOH concentrations (CNaOH) of 5 and 7 g L−1. Batch deacetylation is conducted at temperatures of 4, 40 and 70°C for batch reaction times of 0, 2, 5, 10, 20 and 60 min, after which the liquid phases are vacuum-filtered to quench the reaction. Initial feedstock compositions are determined using standard biomass compositional analysis protocols developed by NREL (Sluiter et al., 2005; Sluiter et al., 2008b), and maximum extractable components are gleaned from 60-min residence time experiments at each CNaOH (Supplementary Table S3). Finally, anatomical fraction sorting data summarized in Supplementary Table S4 reveals the overall breakdown on a mass basis of the WH bulk feedstock as received.
Apparent Trends in Deacetylation Kinetics
Batch deacetylation was first evaluated for the WH feedstock at 4–70°C and 5–7 g L−1 NaOH for residence times of 0–20 min. Individual component yields of acetate, xylan and lignin in the liquid phase are traced as a function of residence time and CNaOH for a suite of reactions conducted at the 5-mL scale, and data are summarized in Figure 1 and Supplementary Figure S3. Additionally, given the rapid nature of deacetylation chemistries, apparent time-zero yields (i.e., upon instantaneous fluid–solid contact) are quantified for each CNaOH and feedstock (Supplementary Table S5) to establish reactor “start-up” behavior, which practically manifests as the y-axis intercept on time-course yield plots (Figure 1, Supplementary Figure S3). These time-zero yields are also important for defining proper initial conditions for reaction–diffusion models developed later in this study (vide infra).
[image: Figure 1]FIGURE 1 | Time-course deacetylation profiles for (A) acetate, (B) xylan and (C) lignin extraction from WH corn stover at 4, 40 and 70°C and 5 g L−1 NaOH concentration. Component extraction (wt%) determined from analyte yield of filtered liquor relative to fresh biomass composition (Supplementary Table S3). Connecting lines included for visual clarity. 
Several readily observable kinetic trends arise. First, as expected, relative rates of component extraction rise with increasing CNaOH, consistent with its role as a stoichiometric reagent for deacetylation. Second, xylan extraction proceeds at controllably slow rates across all conditions, while immobilized lignin converts to soluble products at sufficiently slow rates only at the two lower temperatures. In contrast, acetate production proceeds rapidly at all temperatures, but rates observed at the 4°C condition are manageably slow for the kinetic regression and modeling purposes of this study. To this end, kinetic fitting generally requires at least a subset of data to be collected under differential conditions, wherein total extents of component extraction (i.e., conversion) are kept at or below ∼15 wt%; conditions here were deliberately selected from screening experiments described in the previous section to enable differential kinetic measurements and subsequent model regression for acetate, xylan and lignin components (vide infra). Third, time-course component yields across all conditions are highly reproducible (±14% maximum relative error), as shown by the close agreement among open and closed circles plotted in Figure 1 and Supplementary Figure S3.
Next, CB, HS and SK were assessed at the same conditions as WH, and results are illustrated in Supplementary Figures S4–S6. Intriguingly, acetate extraction profiles observed for WH closely match that of SK (24 wt% of WH, Supplementary Table S4), suggesting this anatomical fraction’s deacetylation behavior is highly representative of the parent unsorted material. In contrast, HS (18 wt% of WH, Supplementary Table S4) exhibits slightly enhanced acetate removal profiles relative to the other fractions, while CB (8 wt% of WH, Supplementary Table S4) yield profiles for all components and conditions appear to lag across the entire feedstock series. Lastly, replicates performed for 5- and 20-min residence times once again illustrate high reproducibility of kinetic measurements taken at this millireactor scale.
Taken together, these data indicate that each aggregate feedstock and anatomically-specific kinetic parameters may be confidently determined using reaction–diffusion models and parameter regression methods. However, the experimental results also reveal several non-obvious complexities underlying batch deacetylation pretreatment:
1) Broad differences are observed in component extraction rates, temperature dependencies and feedstock anatomy, requiring a wide range of experimental conditions to access differential kinetic regimes (Figure 1, Supplementary Figures S3–S6).
2) Particle size effects are known to influence apparent yield for condensed-phase biomass pretreatment (Thornburg et al., 2020) and hence must also be quantified (vide infra).
3) Reactor heating (40°C, 70°C) and cooling (4°C) timescales are on the order of reaction–diffusion phenomena (Supplementary Figure S7, Supplementary Equations S2, S3), meaning observable kinetic measurements are non-isothermal—thus complicating the interpretation of temperature dependencies.
Therefore, conclusions may not be drawn simply from the suite of experimental data presented in this section. Particle-scale modeling emerges as a critical tool to account for the non-isothermality and transport phenomena that accompany experimental biomass extraction measurements, and reaction–diffusion models developed here enable the decoupling of these physics to determine the underlying chemical kinetic information.
Corn Stover Particle Model Construction
Milled biomass contains a heterogeneous mixture of different particle sizes and aspect ratios, which in turn plays an important role in the physical behavior of such particles when immersed in chemically reactive fluid environments. To understand these behaviors, we first examined statistically meaningful distributions of corn stover particle sizes and aspect ratios obtained from tens of thousands of individual 2D particle measurements via a commercial particle size analysis service. Data and statistics were analyzed using MATLAB R2021a. Mean values of Feret lengths, widths/thicknesses and aspect ratios resulting from volume-binning of each corn stover sample output are summarized in Table 1, while histograms and aspect ratio trends are illustrated in Supplementary Figures S8, S9, respectively.
TABLE 1 | Summary of mean particle size and porosity attributes.
[image: Table 1]Three conclusions are made from these analyses. First, WH and SK exhibit nearly identical aspect ratios, highlighting physical similarities between these samples that complement their closely related acetate extraction profiles (Figure 1, Supplementary Figures S3–S6). Second, CB once again emerges as an outlier among the set of feedstocks, further emphasizing the unique characteristics of this fraction. And third, the relatively small (11–20%) standard deviations observed per sample volume bin imply that the geometric descriptors reported in Table 1 are representative of a majority of each sample volume, and hence should adequately describe the typical length scales associated with their particle-scale physics.
Separately, we assessed the internal microstructures of each anatomical fraction using X-ray computed tomography. Cross-sectional images extracted from the 3D control volumes are shown in Figure 2 after contrast correction. The slice through the SK reconstruction (Figure 2A) reveals that both vascular bundles, comprised of thick, heavily lignified cell walls, and pith, which consists of thinner walls with lower lignin content, are present in the sample. The slice through the HS reconstruction (Figure 2B) reveals mostly leaf tissue, although some xylem and phloem domains are also observed. However, the microstructure revealed by the CB reconstruction (Figure 2C) is notably different than the other tissue types, exhibiting densely-packed cells that generally lack the elongated shape and regularly arrayed configuration characteristic to the vascular and leaf tissues. Post-processed 3D radiographs collected for each CB, HS and SK were analyzed using MATBOX, a custom image processing toolbox that enables direct calculation of particle-scale porosity features (Cooper et al., 2016; Usseglio-Viretta et al., 2020; Usseglio-Viretta et al., 2022). Specifically, we compute void fraction εP and tortuosity τ for each anatomical fraction, and calculated values are reported in Table 1. Values must be considered with caution, however, as segmentation was performed without prior knowledge of the true volume fractions (i.e., blind segmentation) and with limited XCT image resolution (see SM methods and Supplementary Table S1 for details); however, the selected fields of view capture spatially distributed patterns that appear periodically throughout the whole microstructure by visual inspection, providing some confidence in the calculated results. Accordingly, the pore descriptors of HS and SK share clear similarities. Void fractions of ∼0.65 have been assumed in other lignocellulosic biomass types (Thornburg et al., 2020), and τ values close to unity indicate straight pore channels easily traversed by diffusing solutes. However, CB is yet again remarkably distinct from the other anatomical fractions, and its low εP of 0.129 and extremely high τ of 10.3 suggest severe mass transport limitations through this tissue anatomy (Figure 2C). Finally, given the strong similarity between WH and SK, the calculated εP of 0.671 and τ of 1.36 for SK are also assumed for WH particle models.
[image: Figure 2]FIGURE 2 | Select 2D slices through X-ray computed tomographic reconstructions taken after contrast correction of (A) SK, (B) HS and (C) CB corn stover tissues. All scale bars are 200 μm.
Armed with external and internal physical descriptors, we then construct model geometries for finite-element simulations. 2D axisymmetric models are selected here based on their advantages of mathematical simplicity and known agreement with more computationally intensive 3D microstructural models, as validated in prior biomass conversion modeling studies performed by some of us (Ciesielski et al., 2015; Pecha et al., 2018; Thornburg et al., 2020). Characteristic particle Feret lengths and widths/thicknesses (i.e., averaged to radii) are gleaned from Table 1; axisymmetry is enforced along the tall axis of the particle with a separate symmetry boundary condition along its short axis. Next, porosity metrics from Table 1 describe the porous portion of the particle domain. In addition, a 100-fold diffusion penalty is imposed in the radial direction to account for anisotropic biases of longitudinal diffusion, similar to other well-characterized feedstocks (Comstock, 1970). Specifically, 2D porous geometries are assumed to have uniformly distributed pores, and thus spatially uniform porosity along a given diffusion coordinate, as per Darcy’s law. Initial chemical compositions of extractable acetate, extractable xylan, extractable lignin and the balance of unextractable components are imported from compositional data in Supplementary Table S3. Furthermore, the particle domain is enveloped by an equidistantly spaced aqueous fluid domain that is prescribed the identical initial CNaOH and solid:fluid volumetric ratios (0.169) as in batch deacetylation experiments, and a no-flux boundary condition at the exterior edges. As a final step, the final dual-domain geometries undergo finite-element meshing to prepare them for CFD simulation in COMSOL Multiphysics 5.6. An example of the meshed 2D WH particle is illustrated in Figure 3.
[image: Figure 3]FIGURE 3 | 2D axisymmetric meshed model geometry for WH particle (blue) and aqueous solution (grey) domains constructed in COMSOL Multiphysics 5.6. Inset text indicates scale bar and (axi)symmetry boundary conditions; no-flux boundary conditions are imposed at the unmarked grey solution domain edges.
Reaction–Diffusion Model Development
A primary objective of this study is to determine non-isothermal, transport-independent kinetic rate parameters for the reactive extraction of acetate, xylan and lignin from three major corn stover anatomical fractions (CB, HS, SK). Geometries and pore structure descriptors are now incorporated into 2D axisymmetric reaction–diffusion models to describe the chemistry and physics of mesoscale deacetylation processes. Mass transfer is described by various physical equations and assumptions described below, while the system’s heat transfer is handled explicitly by global, time-dependent temperature profiles characteristic of experimental reactor temperatures (Supplementary Figure S7, Supplementary Equations S2, S3). Treatment of temperature as a time-dependent function allows temperature-dependent rate constants and diffusion coefficients each to be implicit functions of residence time, further reducing complexity in the subsequent finite-element calculations.
First, the effective diffusivity Deff,i of species i is defined by Eq. 1, where DF,i is the fluid diffusion coefficient and i refers to reactant species acetate (act), xylan (xyl), lignin (lig) or hydroxide (OH−). Void fraction εP and tortuosity τ vary by anatomical fraction (Table 1) and are assumed to be constant throughout the reactive extraction process, whereas DF,i is specific to each solute’s molecular diffusivity in aqueous alkaline solutions.
[image: image]
Fluid diffusion coefficients DF,i are estimated via classical MD simulations of the various solute species diffusing in 0.125 M (i.e., 5 g L−1) and 0.175 M (i.e., 7 g L−1) NaOH solutions for quasi-equilibrated system temperatures of 4–90°C. Acetate (Vanommeslaeghe et al., 2010) diffusion and hydroxide self-diffusion are readily calculated using straightforward anion assemblies (Jorgensen et al., 1983), while xylan and lignin oligomer structures (DP 1–5, 10) are constructed using internal coordinates of the appropriate xylose (Guvench et al., 2008; Hatcher et al., 2009) or lignin monomers and linkages (Min et al., 2014), with the latter assigned via the Lignin–KMC tool (Orella et al., 2019; Vermaas et al., 2019) (Supplementary Table S2). Estimates of DF,i at the two CNaOH are illustrated in Figure 4 and Supplementary Figure S10. Diffusion coefficients generally decrease with increasing solute MW and increase with increasing temperature, albeit varying within the same orders of magnitude. Temperature-dependent exponential functions are then determined from log-linear plots of ln(DF,i) vs. 1/T (K−1) (Supplementary Figures S11, S12) for incorporation into Eq. 1 and subsequent model physics. Similar to the authors’ prior study on lignin solvolysis (Thornburg et al., 2020), base-case models assume trimeric structures (DP 3) of each xylan and lignin as intermediate-MW reactive solutes. Sensitivity analyses are assessed following kinetic parameter determination in the next section to validate these speciation assignments (vide infra).
[image: Figure 4]FIGURE 4 | Logarithmic plots of fluid diffusion coefficients DF,i from MD calculations vs. solute molecular weight of (A) hydroxide anion (open diamonds), acetate anion (open triangles) and xylan oligomers (filled circles; DP 1–5, 10) and of (B) lignin oligomers (filled squares; DP 1–5, 10) in 5 g L−1 NaOH at temperatures of 4–90°C (inset color legend). Connecting lines drawn for visual clarity.
Second, simultaneous diffusion (Eq. 1) and chemical reaction (Ri) are described by mass continuity equations in porous media and in free solution. As noted above, Darcy’s law and Fick’s second law (Eq. 2) describe the reaction and diffusion of species i at local concentration Ci within uniformly distributed pores of the 2D particle domain (Figure 3, blue portion). Complementarily, mass continuity (Eq. 3) captures the equivalent competing phenomena occurring in aqueous solution (Figure 3, grey portion). The authors note the explicit residence time and implicit temperature dependencies of each expression’s reaction and diffusion terms, which are handled by finite-element calculations of material fluxes for each mesh element illustrated in Figure 3.
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Finally, reaction rate expressions are defined in Eq. 4 for the sodium hydroxide-mediated extraction of corn stover. Note that Eq. 4 describes rates of consumption of each biomass-derived species i in the particle domain P, thus assigning a negative sign convention (–Ri, mol m−3 s−1) along with reactant concentrations specific to the solid corn stover phase (Ci,P). Pseudo-second order rate laws are prescribed following the assumption of pseudo-first order behavior in each reactant. Arrhenius-type rate constants ki (m3 mol−1 s−1; Eq. 5) describe the temperature dependence of these parameters, where k0,i (m3 mol−1 s−1) is the pre-exponential factor, Ea,i (kJ mol−1) is the activation barrier, R is the universal gas constant and T is the absolute reaction temperature (K; Supplementary Equations S2, S3).
[image: image]
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Each species’ maximum extent of extraction (i.e., conversion) is a function of feedstock identity and CNaOH, and experimentally determined values reported in Supplementary Table S3 are used to normalize the individual component extraction profiles calculated from –Ri. The authors note that alternate rate expressions (e.g., reversible rate laws, non-integer reaction orders) were assessed early into our study, but none except Eq. 4 provided adequate representation of time-course extraction data (Figure 1, Supplementary Figures S4–S6). Although other rate expressions may be possible, the assigned rate form of Eq. 4 is phenomenologically relevant to deacetylation processes and is appropriately selected here.
Kinetic Rate Constant Determination
Upon defining model geometry (Table 1; Figure 3), physics (Eqs 1–3, Supplementary Equations S2, S3; Figure 4) and chemistry (Eqs. 4–5) of deacetylation, kinetic rate constants in Eqs 4, 5 may be regressed to experimental data illustrated in Figure 1 and Supplementary Figures S4–S6 using a COMSOL–MATLAB R2021a API. Specifically, pre-exponential factors k0,i and activation barriers Ea,i of Eq. 5 were systematically fitted to time-course acetate, xylan and lignin extraction data measured at the 5 g L−1 NaOH condition as a basis for parameter regression. In a typical fitting routine, an outer MATLAB function randomly perturbs a set of initial parameter guesses by ±20% of the base value before feeding the values to an inner fitting function. The inner function supplies the perturbed guesses as rate parameter inputs to the specified 2D COMSOL model (WH, CB, HS or SK), which calculates and returns to MATLAB the individual component extraction extents at simulated residence times of 0, 2, 5, 10 and 20 min. Model outputs are compared to experimental values for each species, and an iterative generalized least-squares regression routine modifies the rate parameters to minimize the residual objective function until an exit criterion is satisfied. The entire procedure is repeated an additional 9 times with uniquely perturbed initial parameters fed each round to assess the sensitivity of initial guesses (Thornburg et al., 2020). About 110–140 iterations were required to obtain satisfactory fits in a given round; full details are described in SM.
The resultant best-fit parameters averaged across ten independent fitting rounds are reported in Table 2. Several key observations are made across the parameter collection. First, WH, HS and SK yield statistically identical pre-exponential factors and activation barriers for all three reactants, further reinforcing the performance similarities of these three fractions; this observation is also consistent with HS and SK anatomies comprising the majority of WH on a weight basis (Supplementary Table S4). Second, while pre-exponential factors remain consistent for CB, this fraction’s activation barriers are notably lower for acetate and lignin while considerably higher for xylan. These differences may be attributed to the expectedly different types of lignin and hemicellulose—and thereby to the emergent differences in the cell wall nanoscale architecture—present in this portion of plant tissue (thus bearing different reactivities), and/or as a compensating consequence of the relatively severe mass transport limitations inherent to CB (Table 1; Figure 2C); nonetheless, we qualify Table 2 values for CB as approximate upper or lower boundaries rather than definitive coefficients. Third, among the three species studied, acetate and lignin share similar activation barriers across different tissue types, whereas k0,act values are nearly an order of magnitude larger than k0,lig in all cases. These results suggest that while the two species may share similar temperature dependencies, lignin extraction may suffer pronounced entropic penalties (e.g., strong surface adsorption of extracted products, inferior hydrogen bonding, unfavorable local solvation) that may ultimately belie the major differences in each reactant’s apparent extraction kinetics. Such kinetic considerations are worthy of further investigation and may help inform on suitable lignin extraction technique(s) for a given biorefinery strategy (Schutyser et al., 2018). Fourth, WH, HS and SK all feature standard deviations of <18% for each parameter, suggesting reasonably low initial guess sensitivity during fitting; CB fits are demonstrably worse (i.e., parameter standard deviations <27%), which may be a mathematical consequence of the severely counteractive transport resistances discussed later (vide infra). Lastly, the authors note that each reactive species’ rate coefficients are valid only when taken as a duet (i.e., k0,i and Ea,i) and that other, mathematically equivalent local solution pairs likely exist.
TABLE 2 | Best-fit deacetylation kinetic rate constants (mean values and standard deviations) across ten independent regression roundsa using individual particle models and datab evaluated at 4–70°C and 5 g L−1 NaOH.
[image: Table 2]Next, mean rate constants from Table 2 are incorporated directly into 2D reaction–diffusion models of each particle type to inspect the goodness of fit. Supplementary Figure S13 illustrates the resulting best-fit WH simulated extraction profiles and individual component parity plots at the three deacetylation temperatures, highlighting reasonably good fits for all three species. In general, simulated lignin and acetate profiles are slightly overpredictive at longer residence times, while the xylan model trace slightly underpredicts this component’s experimental trends. Similar patterns of strong model agreement are observed for HS (Supplementary Figure S14) and SK (Supplementary Figure S15). However, CB yet again emerges as an outlier feedstock fraction (Supplementary Figure S16). While reasonable fits are observed for lignin at 4 and 40°C, the best-fit curve for this species at 70°C falls significantly short, with concomitantly worse agreement among acetate and xylan data sets. Acetate and xylan traces effectively collapse to single profiles at all three temperatures, albeit for distinct reasons. Given the rapid kinetics anticipated by Table 2 parameters, supposedly fast rates of acetate extraction are likely to be severely outcompeted by mass transfer resistance, mathematically dampening any practical influence of reaction temperature on the simulated response. Conversely, CB xylan rate parameters predict considerably slower kinetics than other feedstocks, and the presence of strongly limiting transport effects leads to zero-rate model responses and thus considerable error in this component’s best fits (Table 2). The quantitative consequences of mass transfer resistance on apparent extraction kinetics are discussed at length in the final Results and Discussion subsection of this study (vide infra).
As a final validation exercise, myriad sensitivity analyses were carried out to evaluate the influence of various mass transport parameters, none of which appear to be highly sensitive to the resultant WH model outputs. Results are summarized in Supplementary Figures S17–S19 and further confirm the validity of transport assumptions incorporated into base-case reaction–diffusion models.
Anatomical Ensemble Calculations and Model Predictions
Upon fitting kinetic rate coefficients, we now seek to test the validity of our four individual particle models as aggregate ensembles and also under deacetylation conditions beyond the original regression data set. First, we create a simulated ensemble of the collective feedstock by weighting the responses of anatomical particle models by their mass fractions within the bulk corn stover feedstock (Supplementary Table S4); here, the balance of feedstock that is not cobs, husks or stalks is deemed to be “whole” material, and hence is used to weight the extraction response of the WH model. Figure 5 shows the aggregate ensemble model responses and experimental data comparison for acetate, xylan and lignin at 4–70°C and 5 g L−1 NaOH. Excellent fits are seen for all species and conditions, as illustrated by each species’ parity plot in Figures 5D–F with no greater than 13% variance from any experimental batch reactor measurement. Thus, calculations of corn stover ensemble responses demonstrate the robustness and versatility of 2D axisymmetric models in capturing experimental deacetylation trends.
[image: Figure 5]FIGURE 5 | Ensemble model predictions (dashed lines) at 4–70°C and 5 g L−1 NaOH of (A) acetate, (B) xylan and (C) lignin extraction profiles compared to experimental data collected for WH at the same deacetylation conditions (filled circles), and parity plots of (D) acetate, (E) xylan and (F) lignin model values (blue crosses), with individual species data from WH experiments (open circles) at all three temperatures plotted along a 45° parity line (black) for visual reference. See Figure 1 and Supplementary Table S4.
Next, models are extended beyond their original reaction condition to assess their predictive capability under different circumstances. While 5 g L−1 NaOH data are used for kinetic rate parameter fitting, the 7 g L−1 NaOH data sets of Supplementary Figures S3–S6 are now utilized to evaluate the four particle models’ predictivities. Select input parameters in WH, CB, HS and SK models are now adjusted for the 7 g L−1 NaOH condition, including initial CNaOH in the aqueous domain (Figure 3), apparent time-zero yields (Supplementary Table S5), mass fractions of extractable material (Supplementary Table S3), maximum extents of component extraction (Supplementary Table S3), diffusion coefficients (Supplementary Figure S10) and their temperature profiles (Supplementary Figure S12).
Figure 6 shows the predicted 7 g L−1 acetate extraction profiles and corresponding parity plot for an anatomically weighted corn stover particle ensemble (Supplementary Table S4); analogous xylan and lignin model responses are included in Supplementary Figure S20. Importantly, model simulations at this deacetylation condition have not been regressed to experimental data, and time-course responses thus may be considered as blind predictions for validation purposes. Despite slight overprediction at late residence times, good agreement is observed for acetate and xylan extraction kinetics at this higher CNaOH condition, with no greater than 21% variance from experiment—further implying high fidelity of these two component models under extrapolative deacetylation conditions. However, lignin profiles are significantly overpredictive in this case (Supplementary Figure S20B). This may be attributable to realistic lignin solubility limitations at higher alkalinity that are not captured in the idealized model physics, which would practically raise entropic barriers and thus uniquely reduce the value of k0,lig at this condition. Future investigations at high CNaOH may seek to incorporate solubility effects into mesoscale models to reconcile these apparent prediction gaps. Overall, however, 2D reaction–diffusion models and their aggregate ensembles appear to be valid and reasonably predictive of corn stover deacetylation behaviors at two process-relevant alkaline conditions.
[image: Figure 6]FIGURE 6 | (A) Ensemble model predictions (dotted lines) at 4–70°C and 7 g L−1 NaOH of acetate extraction in comparison to WH data collected at the same deacetylation conditions (filled diamonds). (B) Parity plot of the 7 g L−1 NaOH acetate extraction model predictions (pink crosses) compared to WH acetate extraction data (open diamonds) at all three temperatures plotted along a 45° parity line (black) for visual reference. See Supplementary Figure S20 for analogous xylan and lignin trends.
Intraparticle Mass Transfer Resistance and Kinetic Consequences
Actionable insights into corn stover deacetylation may be gleaned from the foundational reaction–diffusion models developed in this report. Of particular value are questions of mass transfer rates and how they may (or may not) compete with the kinetic rates of deacetylation chemistry. An historical approach to achieve this rate comparison is to calculate the Thiele modulus for the case of a reactive solute undergoing simultaneous diffusion and chemical reaction (Thiele, 1939; Froment and Bischoff, 1990; Levenspiel, 1998). An adaptation of the intraparticle Thiele modulus φi for incompletely convertible chemical reactions is described by:
[image: image]
where L (m) is the characteristic path length, ki' (s−1) is the pseudo-first-order rate coefficient of species i extraction, Deff,OH- (m2 s−1) is the effective diffusivity of the mobile OH− reactant and Ymax,i is the maximum extractable yield of component i (non-dimensionalized and normalized to a value between 0 and 1) observed at long residence times (Supplementary Table S3); the latter term is included to account for incomplete extraction (i.e., incomplete conversion). Subscript i again refers to acetate, xylan or lignin, the immobile, corn stover-bound reactants, and ki' is calculated by multiplying ki (mol m−3 s−1; Table 2) by the initial molar content of each solid-bound species (mol; see Supplementary Table S3 and MW values in Figure 4 and Supplementary Figure S17). Path length L of the diffusing reactant is defined as half the particle length; this characteristic length may be visualized as the long axis of the blue 2D WH particle illustrated in Figure 3. We note that φi is dimensionless, and calculated values indicate whether the deacetylation process is either effectively controlled (i.e., limited) by the reaction rate (φi < 0.4) or the diffusion rate (φi > 4.0), or instead governed by an intermediate regime (0.4 < φi < 4.0) where reaction kinetics and mass transfer compete along similar time and length scales (Levenspiel, 1998).
A related dimensionless expression that quantifies reaction vs. diffusion control is the effectiveness factor ηi, defined by Eq. 7 for arbitrary geometries (Aris, 1957; Levenspiel, 1998) applicable to biomass particles (Thornburg et al., 2020):
[image: image]
Values of ηi are bounded by 0 and 1. Like φi, the magnitude of ηi indicates whether a process is kinetically limited (ηi > 0.95), mass transport-limited (ηi < 0.25) or in between; note that a low φi indicates a high ηi and vice versa. The effectiveness factor also bears tangible interpretations: for example, if ηi = 0.40, apparent kinetic measurements observed via experiment may actually be attenuated by up to 60% due to diffusion limitations.
The Thiele modulus φi and the related effectiveness factor ηi are therefore important descriptors of mass transport resistances in biomass pretreatment and conversion (Ciesielski et al., 2021), and here we use them to interpret the observable and predicted performance of corn stover deacetylation. Calculated values of φi and ηi are reported in Table 3 for each acetate, xylan and lignin extracted from WH with 5 g L−1 NaOH and at temperatures of 4–70°C. In general, Thiele moduli increase with increasing temperature, indicating that diffusion limitations become more pronounced at high temperatures where kinetic rates expectedly become very rapid, and thus non-controlling. This is especially true for acetate extraction, which faces severe mass transfer resistances at 70°C (ηi = 0.50) while curiously approaching kinetic limitations at 4°C (ηi = 0.90). In contrast, effectiveness factors for lignin and xylan are generally high at all conditions, although mass transfer does appear to compete somewhat with extraction kinetics at the two elevated temperatures (ηi ∼ 0.84–0.92).
TABLE 3 | Thiele moduli and effectiveness factors for WH calculated at 4–70°C and 5 g L−1 NaOH.
[image: Table 3]Next, we compare intraparticle reaction and diffusion rates across the family of anatomical fractions. Table 4 lists the computed φi and ηi values for each CB, HS and SK at 4 and 70°C for the three reactive components. Trends in reaction vs. diffusion resistance for HS and SK are remarkably similar to WH (Table 3), further reinforcing the similar performance attributes among these corn stover fractions. As expected, CB remains a significant outlier among the material set, and given the uncertainty in determining accurate kinetic parameters (vide supra), values reported in Table 4 for CB should be regarded as approximate boundaries rather than definitive metrics. Even so, debilitating mass transport resistances are identified for the extraction of lignin and especially acetate, with ηact as low as 0.021—suggesting laboratory deacetylation measurements may be impaired by nearly 98% due to mass transport phenomena! Remarkably, however, external (film) mass transfer resistances (Frössling, 1938; Levenspiel, 1998) at the exterior particle surface are negligible across all four corn stover samples, including CB (see Supplementary Table S6, Supplementary Equation S4 and surrounding SM discussion). Such alarming findings further edify the critical importance of mesoscale modeling in biomass pretreatment and conversion by illuminating these obscured, but crucial performance-limiting bottlenecks.
TABLE 4 | Computed values of Thiele moduli and effectiveness factors for CB, HS and SK component extraction performed at 4 and 70°C and at 5 g L−1 NaOH.
[image: Table 4]Processing conditions and feedstock anatomy clearly influence the phenomena that control alkaline deacetylation, as do the size of the feedstock particles. We now isotropically scale the WH model to simulate deacetylation across proportionally smaller and larger 2D particles; results for acetate extraction at 70°C and 5 g L−1 are illustrated in Figure 7A, while Thiele moduli are plotted as a function of full particle length 2L in Figure 7B. Corn stover particle size indeed has a pronounced impact on acetate removal: precipitous drops in yield are predicted for particles larger than 2.2 mm, with the largest 22-mm particle achieving only 22% extraction after 20 min reaction time (Figure 7A). Size-dependent mass transport consequences are accordingly witnessed in Figure 7B by the span of φact from 0.19 to 38, the largest of which corresponds to an ηact of 0.026.
[image: Figure 7]FIGURE 7 | (A) Acetate extraction profiles and (B) intraparticle Thiele moduli φact (see Eq. 6) as a function of corn stover particle length. Isotropically scaled 2D WH particle models simulated at deacetylation conditions of 70°C and 5 g L−1 NaOH. Asterisk (*) label in each denotes 1.1-mm-long WH base case particle (green; see Figure 3). Dot-dashed lines in (B) divide regimes by their controlling phenomena (inset italicized labels). See Eq. 6, Supplementary Table S7 and discussion in main text for regime definitions.
Finally, we propose actionable insights into feedstock size thresholds for corn stover deacetylation by back-calculating from critical values of φact (vide supra). Eq. 6 is rearranged to solve for Lcrit at the two φcrit,act boundaries to determine anatomically-specific particle size thresholds of mass transfer resistance at 4 and 70°C. Full particle lengths 2Lcrit are reported in Supplementary Table S7 alongside physical interpretations. Crucially, unsorted corn stover particles as little as 2.3 mm in length are predicted to be entirely diffusion-limited for acetate extraction at the higher temperature—approximately the average Feret length of milled WH, HS and SK particles used in this study (Table 1), and nearly identical to hardwood size limits determined in the authors’ previous study on poplar methanolysis (Thornburg et al., 2020). Size thresholds for these three corn stover fractions are indeed similar, whereas CB particles will virtually always be subjected to mass transfer control despite any practical attempt at size reduction. Conversely, kinetic control may be achieved for WH, HS and SK if particle lengths are kept below 0.23 mm; in other words, finely milled corn stover is predicted to enable laboratory kinetic measurements of deacetylation chemistry devoid of transport limitations. However, milling feedstock to this size range is impractical for pilot- and industrial-scale applications, where mass transport is anticipated to play a dominant role in deacetylation process performance. Additional strategies such as air classification (Thompson et al., 2016) may enable the practically scalable removal of cob fractions to obviate their severe mass transfer penalties in processing contexts. Overall, the predictors proposed in Supplementary Table S7 will inform both biomass conversion researchers and biorefinery practitioners of practical feedstock size reduction targets to properly account for mesoscale mass transfer resistances in pretreatment systems that straddle myriad time and length scales.
CONCLUSION
Alkaline deacetylation prior to mechanical refining is an emerging biorefinery pretreatment strategy to improve enzymatic saccharification yields of herbaceous feedstocks such as corn stover. In this study, we develop first-principled reaction–diffusion models of three primary anatomical fractions of milled corn stover (cobs, husks and stalks) and of an aggregate particle representative of the unsorted (whole) feedstock to understand and corroborate how microscopic differences in biopolymer and tissue assemblies impact observable deacetylation performance at 4–70°C and 5–7 g L−1 NaOH for residence times of 0–20 min. Anatomically-specific 2D models then incorporate key physical and chemical descriptors of corn stover particle microstructure, geometry and biopolymer composition.
With appropriate assumptions for particle-scale physics, such as condensed-phase mass transfer, kinetic rate constants for acetate, xylan and lignin extraction are regressed from experimental data sets at 5 g L−1 NaOH and subsequently validated by 7 g L−1 data and anatomically-weighted ensemble calculations. Individual and ensemble model responses provide excellent fits to experimental data and offer reasonably valid predictions of reaction–diffusion behavior at extrapolated conditions. Crucially, mass transfer resistances are predicted to dominate acetate extraction kinetics at moderate temperatures for all feedstock fractions, but especially so for cobs, which demonstrate vanishingly small effectiveness factors of 0.021 for deacetylation at 70°C. Indeed, unsorted corn stover particles as small as 2.3 mm in length are expected to be completely mass transfer-limited for deacetylation—therefore establishing critical particle size reduction guidelines for laboratory and industrial practitioners to heed when studying this important pretreatment process.
Mesoscale modeling is a vital tool to uncover performance-controlling phenomena and to decouple chemical kinetics from mass and heat transfer in multiphase systems. Historical reaction engineering theories such as the Thiele modulus and effectiveness factor offer a renewed perspective on modern approaches to biomass deconstruction. Transport phenomena indeed lie at the heart of most biomass conversion processes, and the unique model frameworks developed in this report provide both scale-unifying information and actionable guideposts for chemical reactor design, scale-up and deployment of future biorefineries.
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