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Abstract 8 

Molecular hydrogen is a secondary greenhouse gas that indirectly contributes to climate forcing by 9 

extending the atmospheric lifetime of methane through competition for hydroxyl radicals. Soil serves 10 

as a major sink for atmospheric hydrogen, making accurate estimation of soil hydrogen uptake 11 

essential for understanding its role in atmospheric chemistry. Most existing process-based models of 12 

hydrogen uptake focus primarily on abiotic controls, such as soil temperature and moisture, while 13 

either neglecting or oversimplifying the role of biotic factors, particularly microbial activity. In this 14 

study, we refine four widely used hydrogen uptake models by integrating microbial activity rate 15 

modifiers and machine learning derived soil porosity. The microbial activity rate modifiers are derived 16 

from the decomposability of soil organic carbon, which is assumed to be a proxy for potential microbial 17 

activity. This leverages simulations of soil organic matter turnover provided by well-established and 18 

tested models of soil organic matter decomposition. This simple approach enables application of 19 

hydrogen uptake models from field to global scales. We have integrated our simulations of microbial 20 

activity into four widely used hydrogen uptake models. Model performance is evaluated against 21 

empirical datasets from four detailed studies of soil hydrogen uptake. Results show that replacing 22 

traditional texture-based porosity with machine learning derived estimates significantly improved 23 
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physical transport modelling, particularly for the Bertagni and Ehhalt frameworks. Furthermore, 24 

incorporating the coupled climate-carbon microbial activity rate modifier consistently strengthened 25 

model performance, producing larger reductions in prediction error and more pronounced increases 26 

in correlation than using microbial activity alone, thereby providing a more realistic representation of 27 

soil microbial processes. These findings highlight the importance of including biologically relevant 28 

factors in atmospheric hydrogen modelling and offer a more mechanistic framework for predicting 29 

soil–atmosphere hydrogen exchange under diverse environmental conditions. 30 

Keywords: H2, H2 Oxidation, H2 model, Soil organic carbon, Maximum potential microbial activity, soil 31 

microbes 32 

1. Introduction 33 

Atmospheric hydrogen gas (H2) is a naturally occurring trace gas. In 2021, the atmospheric 34 

concentration of H2 was 552 ppb (Pétron et al. 2024). It acts as a secondary greenhouse gas (GHG) by 35 

indirectly increasing the lifetime of methane (CH4) by competing for hydroxyl (OH) radicals that convert 36 

CH4 to carbon dioxide. As a result, the global warming potential of H2 is estimated to be 11.6 ± 2.8 37 

times that of an equivalent mass of carbon dioxide (Sand et al., 2023). In addition, it contributes to the 38 

production of tropospheric ozone (O3), water vapour and aerosols (Sand et al. 2023). Microbes in soils 39 

consume 62-92% of atmospheric H2 losses, making soil H2 uptake the largest and most uncertain 40 

component of the global H2 cycle (Ouyang et al. 2025; Smith-Downey, Randerson, and Eiler 2006).  41 

The rate and extent of H2 oxidation in the upper soil layer are sensitive to the interplay of microbial 42 

activity, soil temperature and moisture dynamics (Constant et al. 2008; Jordaan et al. 2020; Khdhiri et 43 

al. 2015; Meredith et al. 2014). While soil moisture is essential for microbial activity, field and 44 

laboratory studies show that H2 diffusion into the microbially active topsoil layer often limits oxidation 45 

rates. This diffusion is sensitive to soil moisture content (Buzzard et al. 2022; Smith-Downey et al. 46 

2006). At high water levels, water-filled pore space impedes H2 movement, slowing down H2 uptake. 47 
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Conversely, in arid regions, insufficient moisture reduces microbial activity, eventually halting H2 48 

oxidation altogether. Therefore, soil moisture acts as a double-edged sword; essential for microbial life 49 

yet, in excess, a potent inhibitor of H2 diffusion. Laboratory experiments further elucidate this 50 

interplay, revealing an optimum moisture range for H2 uptake that varies between soil types, primarily 51 

dictated by texture and organic carbon (C) content (Conrad and Seiler 1985; 1981; Drewer et al. 2026; 52 

Ehhalt and Rohrer 2011; Reji et al. 2025; Smith-Downey et al. 2006). This intricate relationship 53 

underscores the critical role of soil moisture in regulating atmospheric H2 uptake by soil 54 

microorganisms.  55 

In contrast to soil water content, which influences physical and well as biological parameters, soil 56 

temperature primarily exerts its influence directly through microbial activity. Smith-Downey et al. 57 

(2006) elegantly captured this relationship using a sigmoidal function between -15 and 37°C, reflecting 58 

the gradual increase in microbial H2 uptake with rising temperature. This finding aligns with the 59 

analysis by Ehhalt and Rohrer (2011) of diverse datasets, which revealed a consistent global pattern; 60 

negligible uptake below -20°C and above 80°C, with a broad maximum centred around 30°C. This 61 

suggests a universal optimum temperature range for microbial H2 consumption within the soil, 62 

highlighting the importance of temperature in regulating this process. 63 

Several studies have highlighted the influence of land use and soil organic C (SOC) content on soil H2 64 

uptake. Ehhalt and Rohrer (2009) observed higher H2 dry deposition in forests compared to grasslands 65 

and agricultural lands, suggesting vegetation type plays a role in regulating this process. Land use 66 

change has also been shown to impact soil H2 uptake, with Pendall et al. (2010) demonstrating reduced 67 

microbial oxidation rates after converting rainforest to pastures and hardwood plantations. 68 

Interestingly, Meredith et al. (2017) observed a strong covariance between soil H2 uptake and 69 

heterotrophic soil respiration over a year at Harvard Forest in the USA, suggesting a potential link 70 

between microbial H2 consumption and organic matter decomposition. This connection is further 71 

supported by Khdhiri et al. (2015), who identified SOC as a relatively good predictor of microbial H2 72 
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oxidation across different land use types within the same climate. Their work also revealed that the 73 

interaction between soil C content and the relative abundance of H2 oxidizing bacteria further 74 

improved predictions. This suggests that higher SOC may not only enhance total microbial biomass but 75 

also favour hydrogen oxidizing bacteria populations, thereby promoting H2 consumption. While the 76 

precise mechanisms underlying the link between soil C and H2 uptake remain unclear, it is possible that 77 

organic matter content influences H2 oxidizing bacterial biomass through its association with overall 78 

microbial diversity (Bastida et al. 2021).  79 

Several studies have tackled modelling soil H2 uptake, focusing on key abiotic drivers, such as soil 80 

moisture, temperature and SOC (Bertagni et al., 2021; Dong and Layzell, 2001; Ehhalt and Rohrer, 2013; 81 

Morfopoulos et al., 2012; Paulot et al., 2021; Sanderson et al., 2003; Smith-Downey et al., 2008; 82 

Yonemura et al., 2000). 83 

Different approaches have been used to model the impact of soil moisture on H2 uptake. Smith-84 

Downey et al. (2008) employed a simplified approach, assuming no limitation on microbial activity 85 

beyond a certain moisture level. This simplification could potentially lead to an overestimation of H2 86 

uptake in very wet soils. Ehhalt and Rohrer (2013) proposed a more complex two-layer model which 87 

incorporates distinct zones for H2 transport and consumption. The first layer represents an inactive 88 

zone where H2 diffusion occurs that can include barriers to diffusion, such as dry topsoil or snow. The 89 

second layer represents the active zone where H2 uptake by microbes takes place. To calculate H2 90 

diffusion within the top 10 cm of the soil, the authors used an approach described by Millington and 91 

Quirk (1961) which considers both the air and water fractions present in the soils. Bertagni et al. (2021) 92 

introduced a novel approach to modelling soil H2 uptake by incorporating the dependence of bacterial 93 

metabolism on soil matric potential. Their model includes two main matric potential levels; a soil water 94 

stress level that inhibits microbial activity and an optimum soil moisture condition that maximizes it. 95 

This innovative approach allows for a more nuanced representation of the interplay between soil 96 

moisture and H2 uptake than previous models. 97 
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The diffusion of atmospheric H₂ into biologically active soil layers is a critical control on soil H₂ uptake. 98 

While existing models successfully integrate this process and some account for overlying layers, such 99 

as litter or snow (Bertagni et al., 2021; Ehhalt and Rohrer, 2013), a key challenge remains in the 100 

accurate representation of the soil pore network that transports H₂ to soil microbes. Specifically, the 101 

accurate parameterization of total soil porosity is often oversimplified. In global-scale models, porosity 102 

values are frequently assigned based solely on soil type (Morfopoulos et al. 2012; Smith Downey 103 

2007). While this approach provides a practical way to represent soil physical properties in the model, 104 

it has significant limitations, as real-world porosity varies substantially within a soil type due to factors 105 

including SOC content, which influences microbial habitat and pore structure formation (Totsche et al. 106 

2018; Young and Crawford 2004), land use history and management practices (Bronick and Lal 2005; 107 

Strudley et al. 2008), and compaction by agricultural machinery (Schjønning et al. 2015). 108 

Most models use similar approaches for simulating the impact of soil temperature on H2 uptake. Smith-109 

Downey et al. (2008) introduced a sigmoidal function based on laboratory experiments to describe the 110 

temperature response between -20°C and 40°C. Ehhalt and Rohrer (2013) employed a similar function 111 

but expanded it to include a wider temperature range, exceeding 40°C. 112 

Several models have attempted to incorporate the influence of SOC on microbial H2 uptake. The model 113 

developed by Morfopoulos et al. (2012) considers the dynamics of soil vegetation cover, aiming to 114 

indirectly capture the effects of SOC content on H2 uptake. In contrast, Paulot et al. (2021) adopted a 115 

modification of the Ehhalt model by introducing a constant that depends on SOC content, following a 116 

Michaelis-Menten relationship. This was a step forward in directly accounting for the impact of SOC 117 

on microbial activity but does not consider the impact of the quality of the organic matter (i.e. the 118 

decomposability of the SOC).  119 

Here, we present a method to calculate the microbial activity rate modifier using both the quantity 120 

and quality of organic C in the soil. This is then used to refine existing calculations of H₂ uptake. The 121 

method uses simulations of SOC quality provided by the RothC model (Coleman and Jenkinson, 1996). 122 
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The RothC model estimates changes in SOC quantity and quality over time based on climate data and 123 

soil properties, including soil texture, pH, electrical conductivity (EC) and SOC content. We assume that 124 

the decomposability of SOC provides a proxy for the microbial activity and so use this to derive the 125 

microbial activity rate modifiers, which change throughout the year and at each location with changes 126 

in the quantity and quality of SOC present. This approach considers both current and historical climate 127 

and management impacts on microbial activity and calculates the relative proportions of different C 128 

pools to determine SOC quality. 129 

By using this simple approach that can be driven by data available in individual plots as well as by data 130 

held in global databases, we retain the ability to both evaluate the model at plot scale and run 131 

simulations at large spatial scales. Therefore, these model developments can be applied to improve 132 

predictions at both field and global scale. This is crucial for assessing the indirect effect of H2 on the 133 

climate and informing climate change mitigation strategies. Furthermore, as interest in H2 as a clean 134 

energy carrier grows, a more comprehensive model of soil H2 dynamics will be essential for predicting 135 

potential environmental impacts of increased emissions of H2 to the atmosphere. 136 

2. Methods  137 

Note that in the following text, all symbols used are as defined in Table 1, as well as immediately 138 

below the equation. 139 

Table 1: Nomenclature of symbols used in the H2 oxidation models 140 
Symbol Definition Units 

Microbial Rate Modifier Parameters 

𝑨 Adjustment factor (Ehhalt) s-1 

𝑴𝐂,𝐦𝐞𝐚𝐬 Measured SOC  t ha-1 

𝑴𝐂,𝐬𝐢𝐦 Simulated SOC t ha-1 

𝒎𝐂𝐌𝐀𝐂 Carbon-based microbial activity rate modifier for H2 uptake  no units 

𝒎𝐂𝐂𝐌𝐀𝐂 Coupled climate-carbon microbial activity rate modifier for H2 uptake  no units 

𝑴𝐏𝐈 Estimate of plant C inputs t ha-1 

𝑴𝐏𝐈,𝐬𝐭𝐚𝐫𝐭 Starting estimate of plant C inputs t ha-1 

𝑵 Normalization constant such that max (𝑚MAC) = 1 timestep ha t-1 

𝒑𝐎 Fraction of organic C in soils no units 

𝑻 Soil temperature (Morfopoulos and Ehhalt) °C 

𝑻′ Soil temperature (Smith-Downey) K 

Model-Specific Parameters (Maximum Uptake and Rates) 

𝒌𝐦𝐚𝐱,𝐁 Maximum possible H2 uptake (Bertagni, original) s-1 

𝒌𝐦𝐚𝐱,𝐁
′  Adjusted maximum H2 uptake (Bertagni, adjusted) s-1 

𝒌𝐦𝐚𝐱,𝐄
′  Adjusted maximum H2 uptake (Ehhalt, adjusted) s-1 
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𝒌𝐦𝐚𝐱,𝐌𝐨 Maximum possible H2 uptake (Morfopoulos, original) s-1 

𝒌𝐦𝐚𝐱,𝐌𝐨
′  Adjusted maximum H2 uptake (Morfopoulos, adjusted) s-1 

𝒌𝐦𝐚𝐱,𝐒𝐃 Maximum possible H2 uptake (Smith-Downey, original) s-1 

𝒌𝐦𝐚𝐱,𝐒𝐃
′  Adjusted maximum H2 uptake (Smith-Downey, adjusted) s-1 

𝒌𝐩𝐨𝐨𝐥 Rate constant for decomposition of active C in pools DPM, RPM, BIO 
and HUM 

per timestep 

Response Functions (Dimensionless Modifiers) 

𝒎𝐌,𝐁  Soil moisture response modifier (Bertagni) no units 

𝒎𝐌,𝐄 Moisture rate modifier (Ehhalt) no units 

𝒎𝐌,𝐄 𝐞𝐬 Moisture rate modifier for eolian sand (Ehhalt) no units 

𝒎𝐌,𝐄 𝐥𝐥 Moisture rate modifier for loess loam (Ehhalt) no units 

𝒎𝐍𝐏𝐏,𝐌𝐨 Net Primary Productivity (NPP) modifier (Morfopoulos) no units 

𝒎𝐓,𝐄 Temperature rate modifier (Ehhalt) no units 

𝒎𝐓,𝐌𝐨 Temperature response modifier (Morfopoulos) no units 

𝒎𝐓,𝐒𝐃 Temperature response function (Smith-Downey) no units 

Soil and Moisture Parameters 
 

𝜷𝟏 Constant parameter (Bertagni model) no units 

𝜷𝟐 Parameter dependent on 𝑠o̅pt  (Bertagni model) no units 

𝒇 Normalization constant no units 

𝒔̅ Relative soil water content no units 

𝒔̅𝐨𝐩𝐭 Optimal soil moisture level no units 

𝒔̅𝐮𝐩 Upper soil moisture threshold (anoxic conditions) no units 

𝒔̅𝐰𝐬 Lower soil moisture threshold (water stress) no units 

𝑷𝑪 Soil organic carbon content Percent 

𝑷𝐜𝐥𝐚𝐲 Clay content percent  

𝑷𝐬𝐚𝐧𝐝  Sand content Percent 

𝑷𝐬𝐢𝐥𝐭 Silt content Percent 

𝜣𝐰 Volumetric moisture content cm3 water per cm3 soil 

𝜣𝐩 Total soil porosity cm3 pore space per cm3 soil 

Soil Water Retention Parameters (Bertagni Model) 
 

𝐛 Empirically determined constant (grain size reflection) no units 

𝚿 Soil matric potential Pa 

𝚿̃ Experimentally determined parameter (soil type dependent) Pa 

𝚿𝐨𝐩𝐭 Optimal soil matric potential threshold Pa 

𝚿𝐮𝐩 Anoxic matric potential threshold Pa 

𝚿𝐰𝐬 Water stress matric potential threshold Pa 

 141 

2.1 Estimation of Soil Porosity 142 

Soil porosity is a critical parameter in H2 uptake modelling, as it dictates gas diffusivity and 143 

moisture-holding capacity. In this study, we compared two distinct methods for determining soil 144 

porosity to evaluate their impact on model accuracy; a traditional texture-based approach and a 145 

contemporary machine learning-derived framework. 146 

2.1.1 Texture-Based Porosity Estimation  147 

In the Texture-Based (TB) approach, soil porosity was estimated based on generalized soil texture 148 

classes. Porosity values were assigned to each study site according to its dominant texture (e.g. 149 

sand, loam or clay) using physical hydrology parameters compiled by Dingman (2015). This 150 

method relies on the established physical relationship between grain size distribution and pore 151 
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space. In mineral soils, texture dictates the packing arrangement of particles; for instance, 152 

coarser soils, such as sand, typically exhibit lower total porosity compared to finer-textured soils 153 

like clay, which, despite having smaller individual pores, possess a higher total pore volume. This 154 

approach provides a deterministic baseline rooted in classical soil physics. 155 

2.1.2 Machine Learning Approach  156 

To capture the complex, non-linear relationships between soil structure and environmental 157 

variables, a machine learning (ML) approach was employed to estimate soil porosity. In this 158 

method, the saturated soil water content was used as a direct proxy for total soil porosity. The ML 159 

approach integrates these complex relationships through tree-based ensemble models, such as 160 

Random Forest and Gradient Boosting, as detailed in the SoilGrids framework (Hengl et al. 2017). 161 

By leveraging a massive global soil profile database, incorporating variables, such as texture, 162 

organic matter, topography, and climate, this method produces spatially detailed and realistic 163 

porosity estimates. Unlike the TB method, the ML approach accounts for localized environmental 164 

heterogeneity, potentially offering a more robust input for H2 uptake simulations. 165 

2.2 Simulation of Microbial Activity Rate Modifier for Hydrogen Uptake 166 

The microbial activity rate modifier of the soil was simulated on a monthly timestep following the 167 

approach used in the well-established RothC model (Coleman and Jenkinson, 1996). The microbial 168 

activity rate modifier is described by simulating the proportion of the SOC that resides in organic 169 

matter pools of different decomposability; decomposable plant material (DPM), resistant plant 170 

material (RPM), microbial biomass (BIO), humified organic matter (HUM) and inert organic matter 171 

(IOM). These pools have different decomposition rate constants, and so the proportion of SOC in each 172 

pool determines the overall decomposability of the organic matter in the soil. Because the organic 173 

matter feeds the microorganisms, after accounting for factors affecting bioavailability (such as physical 174 

protection), organic matter decomposability can be taken as a surrogate for the potential microbial 175 

activity.  176 
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As is normal practice with RothC simulations (e.g. Abegaz et al., 2016), the organic matter 177 

decomposability at the start of the simulation was determined from the measured values of SOC using 178 

a spin-up of the SOC pools to steady state (where a soil in steady state is no longer undergoing long-179 

term change in SOC due to previous land use change). In this approach, the simulations are run from 180 

a starting point of a soil containing no C, using default values of plant inputs within the model. The 181 

simulations are continued, using repeated weather data, until the simulated SOC stops changing. The 182 

simulated and measured steady state values of SOC are then compared and the default plant inputs 183 

adjusted as shown below: 184 

𝑀PI =  𝑀PI,start ×
𝑀C,meas

𝑀C,sim
⁄                       (1) 185 

where 𝑀PI is the revised estimate of plant C inputs, 𝑀PI,start is the starting estimate of plant C inputs, 186 

𝑀C,meas is the measured SOC, and 𝑀C,sim is the simulated SOC (all in t ha-1). This process is continued 187 

until the value of 𝑀PI no longer changes and 𝑀C,meas = 𝑀C,sim. At this point, the simulation is 188 

considered to be at steady state, and so the combined decomposability of the simulated SOC pools 189 

can be assumed to provide a good estimate of the overall bioavailability of the SOC. Because the spin-190 

up process determines the proportions of the different pools, it implicitly accounts for factors affecting 191 

bioavailability. Running the model forwards using changes in weather and management conditions is 192 

then used to estimate changes in SOC over time. This has been shown in many earlier studies to 193 

provide an accurate simulation of changes in SOC (Abdalla et al. 2014; Dondini et al. 2017; Dondini et 194 

al. 2016a; Dondini et al. 2016b; Dondini et al. 2015; Gottschalk et al. 2012; Smith et al. 2020). 195 

This carbon-based microbial activity was then converted into a rate modifier for H2 uptake, 𝑚CMAC, 196 

(no units) accounting for the impacts on H2 uptake of SOC quantity and quality in each month during 197 

the forward run as shown below:      198 

𝑚CMAC =
1

𝑁
 ∑ 𝐶pool

pool

 (1 − exp(−𝑘pool))                                                         
(2)   
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where 𝑁 is a normalization constant (timestep ha t-1), such that max (𝑚CMAC) = 1 (no units), 𝐶pool is 199 

the mass of total active C in the pools DPM, RPM, BIO and HUM (t ha-1) and  𝑘pool is the rate constant 200 

for decomposition of active C in pools DPM, RPM, BIO and HUM (per timestep). The values of the rate 201 

constants, 𝑘DPM , 𝑘RPM , 𝑘BIO and 𝑘HUM, were obtained from Coleman & Jenkinson, (1996) and are 202 

set to 10, 0.3, 0.66 and 0.02 y-1, respectively.  The rate constants were converted to the timestep being 203 

used in the particular simulation by multiplying by the number of days in the timestep and dividing by 204 

365 days per year. The timestep selected depends on the frequency of measurements available for 205 

model evaluation (in this study it is monthly).   206 

2.2.1 Incorporating Hydrogen Oxidation Activity in Established Models   207 

The microbial activity rate modifier for H2 uptake (𝑚CMAC) was incorporated into the established 208 

models provided by Smith-Downey (2007), Morfopoulos et al. (2012),  Ehhalt and Rohrer (2013) and 209 

Bertagni et al. (2021) to evaluate the impact of including microbial activity on the outputs from each 210 

model. The following sections provide detailed descriptions of the approaches used to translate 211 

𝑚CMAC into the H2 oxidation activity for each model. 212 

Smith-Downey Model 213 

Smith-Downey (2007) estimated H2 oxidation activity, 𝑘 (s-1), using a model relying solely on the abiotic 214 

factors, soil moisture, temperature and SOC (Eq. 3).  215 

𝑘 = 𝑘max,SD × 𝑚T,SD × 𝑚M,SD × 𝑚O,SD                                                                                                                           (3) 216 

where 𝑘max,SD  is the maximum possible H2 uptake (s-1) under ideal soil temperature and moisture 217 

conditions (derived from lab measurement to be 0.012266 s-1), 𝑚T,SD and 𝑚M,SD (no units) are 218 

response functions to soil temperature and moisture, respectively, ranging between 0 and 1, and 219 

𝑚O,SD (no units) is the response function to SOC.  220 

The response to temperature 𝑚T,SD is a sigmoidal function with the following parameters:  221 
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𝑚T,SD = 1
(1 + exp (−0.1718 × 𝑇′ + 46.938))⁄                       (4) 222 

where 𝑇′ is the soil temperature (K).  223 

The response to moisture 𝑚M,SD is given by 𝑚M,SD = 0 when soil moisture is below 8% saturation, 224 

𝑚𝑀,SD = 14.286 × 𝑠̅ − 1.1429 between 8% and 15% saturation and 𝑚M = 1 above 15% saturation, 225 

where 𝑠̅ is relative water content (no units). 226 

The response function to SOC is calculated by the following equation: 227 

𝑚O,SD = 1.178 × 𝑝O + 0.3465                                     (5) 228 

where 𝑝O is a fraction of organic C in the soil.  229 

The original H2 oxidation activity (Eq. 3) was adapted to include microbial activity (𝑚CMAC) as shown 230 

in Eq. 6:  231 

𝑘 = 𝑘max,SD
′  × 𝑚T,SD × 𝑚M,SD × 𝑚CMAC                                  (6) 232 

where 𝑘max,SD
′  (s-1) is maximum potential H2 uptake needed to ensure that the global average H2 233 

oxidation activity (𝑘) remains equivalent across the original and the new formulations (thereby 234 

preserving the established atmospheric H2 budget). The value of 𝑘max,SD
′  was calculated using the 235 

global average of the existing parameters ("ave" in equation 7 denotes the global average): 236 

𝑘max,SD
′ =

 ave(𝑘max,SD×𝑚T,SD×𝑚M,SD× 𝑚O,SD)

ave(𝑚T,SD×𝑚M,SD×𝑚CMAC)
=

 ave( 𝑘max,SD×𝑚O,SD)

ave(𝑚CMAC)
                               (7) 237 

This approach provided a value for the adjusted maximum potential H2 uptake of 𝑘max,SD
′ = 0.0058 s-238 

1. The value of 𝑘max,SD
′  is 47% of the original value of 𝑘max,SD , reflecting the greater sensitivity of the 239 

revised model to microbial activity than the original model to SOC. Monthly soil temperature and soil 240 

moisture were derived from the ERA5 reanalysis product (Hersbach et al. 2023). Data on SOC were 241 

obtained from the FAO global soil database (FAO 2017). 242 
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Morfopoulos Model 243 

Morfopoulos et al. (2012) calculated H2 oxidation activity (𝑘) as: 244 

𝑘 = 𝑘max,Mo × 𝑚T,Mo × 𝑚M,SD × 𝑚NPP,Mo        (8) 245 

 where 𝑘max,Mo is the maximum possible H2 uptake (s-1), which was derived by adjusting the global 246 

mean uptake estimated for the 1991–2006 period to align with the value reported by Bousquet et al. 247 

(2011). This adjustment gave a 𝑘max,Mo value of 0.038 s⁻¹. 248 

The temperature response modifier, 𝑚T,Mo (no units) accounts for the influence of soil temperature 249 

on H2 uptake and is defined over the range of –15 °C to 40 °C using the empirical function proposed by  250 

Smith Downey, (2007). Outside the range of –15 °C to 80 °C, 𝑚T,Mo is set to zero. Within the broader 251 

range of 40 °C to 80 °C, 𝑚T,Mo is calculated as: 252 

𝑚T,Mo = −0.25(𝑇′ + 273.15) + 8.83          (9) 253 

where 𝑇′ is the soil temperature (°C). 254 

The soil moisture response modifier (𝑚M,SD) is calculated as given by Smith-Downey model. The net 255 

primary production (NPP) modifier (𝑚NPP,Mo) serves as a proxy for SOC availability. In this model, 256 

regions where the annual NPP is less than 10 g C m⁻² y⁻¹ are masked by setting 𝑚NPP,Mo = 0, excluding 257 

arid or desert environments from the modelled uptake. Conversely, for areas with NPP values equal to 258 

or exceeding this threshold, 𝑚NPP,Mo = 1. 259 

To include the microbial activity rate modifier (𝑚CMAC) into this model, we used a similar approach to 260 

that used for the Smith-Downy model to calculate a new, adjusted value for the maximum potential 261 

H2 uptake, 𝑘max,Mo
′  (s-1). The original H2 oxidation activity (Eq.8) was modified to include the microbial 262 

activity rate modifier as:   263 

𝑘 = 𝑘max,Mo
′ × 𝑚T,Mo × 𝑚M,SD × 𝑚CMAC                                      (10) 264 

To ensure that the global average H2 oxidation activity (𝑘) remained equivalent across the original and 265 

the new formulations, 𝑘max,Mo
′  was recalculated using the global average of the existing parameters: 266 
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𝑘max,Mo
′ =

 ave(𝑘max,Mo×𝑚T,Mo×𝑚M,SD×𝑚NPP,Mo )

ave(𝑚T,Mo×𝑚M,SD×𝑚CMAC)
=

 ave(𝑘max,Mo×𝑚NPP,Mo )

ave(𝑚CMAC)
       (11) 267 

This gave a new value for 𝑘max,Mo
′  of 0.0437 s-1. This is only 15% higher than the value of 𝑘max,Mo in 268 

the original model, reflecting similar sensitivities to microbial activity and NPP in the two versions. 269 

Monthly NPP data were obtained from the LPJ dynamic global vegetation model as part of the 270 

TRENDYv10 project (Poulter 2021). Soil temperature and soil moisture data were extracted from LPJ-271 

GUESS model outputs (scenario S0) developed by the Karlsruhe Institute of Technology (KIT), Germany 272 

(Anthoni 2021). For all datasets, data from the year 2007 were employed, consistent with Morfopoulos 273 

et al. (2012), who calculated 𝑘max,Mo by adjusting the global mean uptake as reported by Bousquet et 274 

al. (2011).  275 

Ehhalt Model 276 

Ehhalt and Rohrer (2013) calculated 𝑘 (s-1) as: 277 

𝑘 = 𝐴 × 𝑚T,E × 𝑚M,E                               (12) 278 

where 𝐴 (s-1) is an adjustment factor designed to scale the model to specific soil biological, chemical 279 

and physical conditions based on empirical measurements (here we assumed 𝐴 = 1 to provide a 280 

standardized baseline for evaluating the functional sensitivity of the modifiers without the influence 281 

of site-specific calibration factors ), 𝑚T,E is the temperature rate modifier and 𝑚M,E is the moisture 282 

rate modifier (no units). The value of 𝑚T,E is calculated as: 283 

𝑚T,E = (1
(1 + exp (

−(𝑇′−3.8)

6.7
)⁄ ) + (1

(1 + exp (
(𝑇′−62.2)

7.1
))⁄ ) − 1                         (13) 284 

where 𝑇′ is temperature (°C). 285 

The value of 𝑚M,E differs between soil types, and can be calculated for eolian sand (𝑚M,E es) and for 286 

loess loam (𝑚M,E ll)  as: 287 
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 288 

𝑚M,E es =
0.00936 ×  (

𝛩w

𝛩p
− 0.0264) × (1 −

𝛩w

𝛩p
)

(
𝛩w

𝛩p
)

2

− 0.1715 × (
𝛩w

𝛩p
) + 0.03144

⁄                 (14) 289 

 𝑚M,E ll =
0.01997 × ( 

𝛩w

𝛩p
− 0.05369) × (0.8508 −

𝛩w

𝛩p
)

(
𝛩w

𝛩p
)

2

− 0.7541 × (
𝛩w

𝛩p
) + 0.2806 

⁄       (15) 290 

where 𝛩w is the volumetric moisture content (cm3 of water filled pores per cm3 soil) and 𝛩p is total 291 

soil porosity of the soil (cm3 total pore space per cm3 soil). 292 

To add the microbial activity rate modifier (𝑚CMAC) to this model, we calculated a new adjustment 293 

factor, 𝑘max,E
′  . The original H2 oxidation activity (Eq. 12) was modified to include the microbial activity 294 

rate modifier as shown in Eq. 16: 295 

𝑘 = 𝑘max,E
′ × 𝑚T,E × 𝑚M,E × 𝑚CMAC                             (16) 296 

To ensure that the global average H2 oxidation activity (𝑘) remained equivalent across the original and 297 

the new formulations, 𝑘max,E
′     was calculated using the global average of the existing parameters: 298 

𝑘max,E
′ =

 ave(𝑚T,E×𝑚M,E)

ave(𝑚T,E×𝑚M,E×𝑚CMAC)
=

1

ave(𝑚CMAC)
          (17) 299 

This gave a value of 𝑘max,E
′   1.2569 s-1, which is 26% higher than the original value of 𝐴, reflecting the 300 

added response in the new model to microbial activity that was neglected in the original. Soil 301 

temperature and soil moisture data were extracted from the ERA5 reanalysis product (Hersbach et al. 302 

2023).  303 

Bertagni model 304 

Following the common approach of Smith-Downey and Ehhalt models, Bertagni et al. (2021) assumed 305 

soil microbial H2 oxidation activity is expressed as shown below: 306 

𝑘 = 𝑘max,B × 𝑚T,E × 𝑚M,B                             (18) 307 
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where 𝑘max,B is the maximum possible H2 uptake (s-1) under optimum conditions which is assigned a 308 

value of 0.03 s−1, 𝑚T,E (no units) is calculated by the formula suggested by Ehhalt and Rohrer, (2011) 309 

in Eq. 13, and  𝑚M,B  (no units) is calculated as expressed below:   310 

𝑚M =
1

𝑓
 (𝑠̅ − 𝑠̅ws)𝛽1(𝑠̅up − 𝑠̅)𝛽2                            (19) 311 

where 𝑠̅ is relative soil water content (𝑠̅ = 0 for dry soil and 𝑠̅ = 1 for saturated soil, no units).  𝑠̅ws 312 

and 𝑠̅up are the soil-dependent lower and upper soil moisture thresholds for microbial activity, 313 

respectively (no units) and 𝑓 is a normalization constant (no units) such that max (𝑚M) = 1. The beta 314 

parameters are set to impose a maximum value for 𝛽2 (no units) at 𝑠̅ =  𝑠̅opt , that is,  315 

𝛽2 = 𝛽1(1 − 𝑠̅opt)/(𝑠̅opt − 𝑠̅ws)                                       (20) 316 

where β1 is a constant value of 0.4 (no units), 𝑠̅opt is soil matric potential at which microbial activity is 317 

most favoured (no units) and 𝑠̅ws is the soil matric potential where activity is inhibited by water stress 318 

(no units). 319 

In this model, the authors explore the impact of soil texture on microbial activity through the lens of 320 

the soil matric potential. The authors identified specific matric potential thresholds associated with 321 

optimal bacterial activity, Ψopt (Pa), water stress-induced limitations, Ψws (Pa) and anoxic conditions, 322 

Ψup (Pa), offering valuable insights into how soil moisture availability influences microbial 323 

communities. The connection between matric potential and relative soil moisture is established 324 

through the soil water retention curve, as described by Campbell (1974):  325 

Ψ = Ψ̃ × 𝑠̅−b                                                                                                                                                        (21) 326 

where Ψ̃ is an experimentally determined parameter that depends on soil type (Pa). The absence of 327 

activity is assumed to occur at the wilting point, corresponding to approximately -3 MPa, giving the s̅ws  328 

values for various soil types. For the upper limit, previous studies (Conrad & Seiler, 1981; Smith-329 

Downey et al., 2006) indicate no inhibition up to saturation, leading to a fixed 𝑠̅up = 1. The optimal 330 
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condition for activity (Ψopt), estimated by averaging experimental data from diverse sources, falls 331 

around -0.3 MPa (Conrad and Seiler, 1981; Smith-Downey et al., 2006). Finally, the value of b , which 332 

reflects the grain size of the different soil types, is an empirically determined constant (Campbell, 333 

1974).  334 

To incorporate the microbial activity rate modifier for H2 uptake (𝑚CMAC) into this model, we calculated 335 

a new, adjusted value for the maximum potential H2 uptake (𝑘max,B
′ ). The original H2 oxidation activity 336 

(Eq.18) was modified to include microbial activity (𝑚CMAC) as: 337 

 𝑘 = 𝑘max,B
′ × 𝑚T,E × 𝑚M,B × 𝑚CMAC             (22) 338 

To ensure that the global average H2 oxidation activity (𝑘) remained equivalent across the original and 339 

the new formulations,  𝑘max,B
′  was calculated using the global average of the existing parameters 340 

("ave" means global average): 341 

𝑘max,B
′ =

 ave(𝑘max,B×𝑚T,E×𝑚M,B  )

ave(𝑚T,E×𝑚M,B ×𝑚CMAC)
=

 ave(𝑘max,B )

ave(𝑚CMAC)
                                                     (23) 342 

This gave a value for the adjusted maximum potential H2 uptake (𝑘max,B
′ ) of 0.0437 s-1. This 46% 343 

increase in the value of 𝑘max,B
′  compared to 𝑘max,B reflects the added response of the model to 344 

microbial activity. Soil temperature and soil moisture data were extracted from the ERA5 reanalysis 345 

product (Hersbach et al. 2023).  346 

2.2.2 Improved Description of Environmental Impacts on Microbial Activity  347 

Building on the carbon-based microbial activity rate modifier (𝑚CMAC) described in Section 2.1, 348 

improved descriptions of environmental controls, temperature (𝑚T,E) and soil moisture (𝑚M,B), were 349 

incorporated into the calculation as: 350 

𝑚CCMAC =
1

𝑁
 ∑ 𝐶pool

pool

 (1 − exp(−𝑚T,E × 𝑚M,B × 𝑘pool))                                                         
(24)   

where 𝑚CCMAC is the coupled climate-carbon microbial activity rate modifier for H2 uptake, in which 351 

environmental controls (𝑚T,E and 𝑚M,B) are included within the calculation of the rate modifier. All 352 
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terms and constants follow the definitions provided in Section 2.1. The soil water thresholds (𝑠̅ws and 353 

𝑠̅opt) for 𝑚M,B are calculated using pedotransfer functions (PTFs) presented by Brand et al. (2020). 354 

These thresholds are relative water content (no units) and determined as follows: 355 

𝑠̅ws = 𝑟4 (9.878 + 0.2127𝑃clay − 0.08366𝑃silt − 7.67(1/(1 + 𝑃C)) + 0.003853𝑃silt𝑃clay +356 

               0.233 𝑃clay(1/(1 + 𝑃C)) + 0.09498 𝑃silt(1/(1 + 𝑃C))) /100    (25) 357 

𝑠̅opt = (24.49 − 18.87 (1/(1 + 𝑃C)) + 0.4527𝑃clay + 0.1535𝑃silt + 0.1442 𝑃silt(1/(1 + 𝑃C)) −358 

                0.00511𝑃silt𝑃clay + 0.08676𝑃clay(1/(1 + 𝑃C))) /100                  (26) 359 

where 𝑃clay, 𝑃silt and 𝑃C represent soil clay, silt and organic C content, respectively. The unit for all 360 

values is percentage by weight (%). Including these 𝑚T,E and 𝑚M,B within the exponential term for 361 

each pool increases the impact of the soil quality on the moisture and temperature responses, as 362 

demonstrated in Fig. 7. 363 

As in Section 2.1.1, 𝑚CCMAC was incorporated into the four established models (Smith-Downey, 364 

Morfopoulos, Ehhalt, Bertagni) by replacing original formulations with: 365 

𝑘 = 𝑘max
′ × 𝑚CCMAC                                         (28) 366 

where 𝑘max
′  represents 𝑘max,SD

′ , 𝑘max,Mo
′ , 𝑘max,E

′  and 𝑘max,B
′ , respectively. Note that the temperature 367 

and moisture rate modifiers in the original models are now not included as they are already accounted 368 

for inside the exponential term. 369 

The recalculated 𝑘max
′  values ensured global H2 uptake remained consistent with original budgets, 370 

using the same averaging approach described in Section 2.1.1. This calculation produced values of 371 

𝑘max
′ = 0.007, 0.059, 0.02, and 0.035 s⁻¹ for the Smith-Downey, Morfopoulos, Ehhalt and Bertagni 372 

models, respectively. This reflects an increased impact of 𝑚CCMAC in the Smith-Downey and 373 

Morfopoulos models compared to the impact of 𝑚CMAC, but a reduced impact in the Ehhalt and 374 

Bertagni models. 375 
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Environmental data sources (ERA5 for temperature/moisture, FAO for SOC, LPJ for NPP) and 376 

calibration procedures were consistent with those outlined in Section 2.1. 377 

2.3. Evaluation of Model Performance 378 

2.3.1 Data Sources  379 

The data used for model evaluation were obtained from a detailed review of the literature. 380 

Soil H2 flux measurements from a garden meadow (Bartyzel et al., 2013) and an urban forest (Lallo et 381 

al., 2008) were obtained directly from the respective publications. Soil moisture and temperature data 382 

corresponding to these study locations and measurement periods were extracted from Hersbach et al. 383 

(2023) and are provided in Table 2. In addition, flux measurements from grassland and forest sites 384 

reported by Cowan et al. (2025) were used to evaluate model performance.  385 

Soil properties including soil texture, bulk density and SOC were derived from two distinct sources. For 386 

three datasets, Harvard Forest (L. Meredith, Wofsy, and Prinn 2023), Lallo et al. (2008) and Bartyzel et 387 

al. (2013), soil properties were extracted from the Harmonized World Soil Database (HWSD; 388 

Nachtergaele et al., 2010). Data for the grassland and forest sites described by Cowan et al. (2025) 389 

were sourced directly from published measurements, as detailed in Table 2.390 
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 391 

Table 2: Summary of measurement details for the datasets used in models’ evaluation across various studies. Note: SOC 392 
denotes soil organic C.  393 

 394 

Table 3: Key soil properties of the datasets utilized for evaluating the models’ performance. 395 

 396 

Table 4: Summary of model formulations before and after the inclusion of the coupled climate-carbon microbial activity rate 397 
modifier (𝑚𝐶𝐶𝑀𝐴𝐶) in different models. *, in this study 𝐴 = 1 𝑠−1. 398 

Model Original models 𝑘𝑚𝑎𝑥
′   𝑚𝐶𝐶𝑀𝐴𝐶   

Smith-Downey 𝑘 = 𝑘max,SD × 𝑚T,SD × 𝑚M,SD × 𝑚O,SD 0.007 𝑘 = 𝑘max,SD
′  ×  𝑚CCMAC 

Morfopoulos 𝑘 = 𝑘max,Mo × 𝑚T,Mo × 𝑚M,SD × 𝑚NPP,Mo    0.059 𝑘 = 𝑘max,MO
′  ×  𝑚CCMAC 

Ehhalt 𝑘 = 𝐴∗ ×  𝑚T,E × 𝑚M,E          0.020 𝑘 = 𝑘max,E
′  ×  𝑚CCMAC 

Bertagni 𝑘 = 𝑘max,Mo × 𝑚T,E × 𝑚M,B          0.035 𝑘 = 𝑘max,B
′  ×  𝑚CCMAC 

 399 

In addition, we sourced data from the continuous, year-long measurements (December 2010 – 400 

February 2012) collected at the Harvard Forest in Petersham, Massachusetts, USA. These 401 

measurements provided the average daily deposition velocity (L. Meredith, Wofsy, and Prinn 2023).  402 

The Harvard Forest is a predominantly deciduous forest with trees aged 80-115 years old. Dominant 403 

tree species include red oak, red maple, red and white pine, and hemlock (Meredith et al., 2014). 404 

Notably, this dataset represents one of the most extensive field-based measurements of soil-405 

atmosphere H₂ flux to date. Soil temperature and moisture data for this study were obtained from the 406 

Harvard Forest Long-Term Ecological Research (LTER) datasets HF018 (Fery and Melillo, 2025). 407 

The saturated soil water content was derived using a machine learning approach (Hengl et al. 2017), 408 

providing a proxy for total soil porosity. 409 

Study site Location Land use Soil type SOC (%) Method  Measurement period 

Bartyzel et al. (2013) Krakow, Poland Garden meadow Loam 2.59 Static chamber Nov. 2011 -Jun. 2012 

Cowan et al. (2025) a Edinburgh, UK Grassland Clay 4 Static chamber Sep. 2023- Sep. 2024 

Cowan et al. (2025) b Edinburgh, UK Forest Sandy clay loam 3.1 Static chamber Sep. 2023- Sep. 2024 

Lallo et al. (2008) Helsinki, Finland Forest Loamy sand 2.46 Static chamber Aug. 2005 -Mar. 2007 

Meredith et al. (2017)  Massachusetts, USA Forest Loamy Sand 5.57 Gradient flux measurement Feb. 2011 – Jan. 2012 

Study site 
Soil 
pH 

Clay 
(%) 

Sand 
(%) 

Silt 
(%) 

Bulk 
density 
(g cm-

3) 

Texture-derived     
(cm3 cm-3) 

PTFs-derived 
(cm3 cm-3) 

Total porosity  
(cm3 cm-3) 

𝑠̅ws  𝑠̅opt 𝑠̅ws  𝑠̅opt Texture-
derived 

ML -
derived 

Bartyzel et al. (2013) 6.2 22 41 37 1.34 0.24 0.37 0.16 0.32 0.41 0.46 

Cowan et al. (2025, Grassland)  5.5 55 25 20 1.11 0.53 0.64 0.25 0.44 0.5 0.56 

Cowan et al. (2025, Forest)  5.3 25 60 15 0.96 0.32 0.44 0.15 0.32 0.4 0.56 

Lallo et al. (2008) 4.8 25.7 37.6 36.7 0.85 0.11 0.18 0.09 0.26 0.42 0.62 

Meredith et al. (2017) 5.3 5 85 10 1.7 0.11 0.18 0.09 0.25 0.43 0.55 
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2.3.2 Data Extraction 410 

We used free online plotting and digitization software, WebPlotDigitizer (Rohatgi, 2022), to extract 411 

data on soil H2 uptake and associated soil parameters from Lallo et al. (2008) and Bartyzel et al. (2013) 412 

measurements. The software allows users to upload an image of a graph, calibrate the axes, plot the 413 

data points, and export the (x,y) coordinate data to Microsoft Excel. To facilitate a month-by-month 414 

comparison of the outputs from different models, we computed monthly averages for H2 deposition 415 

velocity, soil temperature and soil moisture (Table 5-10). The model performance was assessed using 416 

the approach laid out by Smith and Smith (2007).  417 

Table 5: Soil temperature, soil moisture and deposition velocity of H2 measured by Bartyzel et al. (2013) using the static 418 
chamber method in a garden meadow (partly covered by trees) in Krakow, Poland. Average monthly data is calculated. 419 

Date Temperature (°C) Moisture (v/v) Deposition Velocity (cm s-1) 

Nov-2011 2.20 0.21 0.03 

Dec-2011 2.10 0.34 0.02 

Jan-2012 2.10 0.44 0.02 

Feb-2012 -4.90 0.36 0.01 

Mar-2012 4.72 0.39 0.02 

Apr-2012 10.65 0.35 0.03 

May-2012 15.57 0.27 0.04 

Jun-2012 20.04 0.27 0.05 

 420 

Table 6: Deposition velocity of H2 measured by Meridith et al (2023) in Harvard Forest using the gradient method.  Average 421 
monthly data is calculated. 422 

Date Temperature (°C) Moisture (v/v) Deposition Velocity (cm s-1) 

Dec-2010 2.06 0.29 0.0131 

Jan-2011 0.31 0.28 0.0064 

Feb-2011 1.07 0.29 0.0035 

Mar-2011 1.36 0.37 0.0052 

Apr-2011 4.28 0.37 0.0103 

May-2011 10.6 0.32 0.0108 

Jun-2011 16.2 0.27 0.0253 

Jul-2011 18.2 0.24 0.0398 

Aug-2011 19.1 0.22 0.0382 

Sep-2011 16.9 0.26 0.0311 

Oct-2011 15.2 0.28 0.0234 

Nov-2011 7.71 0.28 0.0165 

Dec-2011 5.5 0.30 0.0115 

Jan-2012 2.14 0.30 0.0079 

 423 

 424 

 425 

 426 

 427 
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Table 7: Digitized soil temperature, soil moisture and deposition velocity of H2 measured by Bartyzel et al. (2013) using the 428 
static chamber method in a garden meadow in Krakow, Poland. Average monthly data is calculated. 429 

Date Temperature (°C) Moisture (v/v) Deposition Velocity (cm s-1) 

Nov-2011 2.20 0.21 0.03 

Dec-201 2.10 0.35 0.02 

Jan-2012 2.10 0.44 0.02 

Feb-2012 -4.90 0.37 0.01 

Mar-2012 4.72 0.40 0.02 

Apr-2012 10.65 0.35 0.03 

May-2012 15.57 0.28 0.04 

Jun-2012 20.04 0.27 0.05 

 430 

Table 8: Deposition velocity of H2 measured by Cowan et al (2025) in a grassland using the static chambers.  Average 431 
monthly data is calculated. 432 

Date Temperature (°C) Moisture (v/v) Deposition Velocity (cm s-1) 

Sep-2023 13.22 0.33 0.0214 

Oct-2023 9.77 0.40 0.0092 

Nov-2023 6.62 0.45 0.0020 

Jan-2024 3.31 0.44 0.0015 

Feb-2024 2.93 0.45 0.0042 

Mar-2024 8.58 0.44 0.0035 

Apr-2024 8.24 0.42 0.0052 

May-2024 14.01 0.31 0.0247 

Jun-2024 16.66 0.26 0.0326 

Jul-2024 15.49 0.31 0.0286 

Aug-2024 15.02 0.34 0.0019 

Sep-2024 10.26 0.33 0.0031 

 433 

Table 9: Deposition velocity of H2 measured by Cowan et al (2025) in a forest using the static chambers.  Average monthly 434 
data is calculated. 435 

Date Temperature (°C) Moisture (v/v) Deposition Velocity (cm s-1) 

Sep-2023 13.96 0.13 0.1085 

Nov-2023 6.72 0.33 0.0751 

Feb-2024 5.60 0.33 0.0804 

Apr-2024 6.46 0.36 0.0848 

May-2024 12.38 0.27 0.1172 

Jun-2024 10.17 0.26 0.0924 

Jul-2024 11.69 0.11 0.0781 

Aug-2024 13.50 0.15 0.1206 

Sep-2024 11.21 0.24 0.0818 

 436 

Table 10: Digitized soil temperature, soil moisture and deposition velocity of H2 measured by Lallo et al. (2008) using the 437 
static chamber method in an urban forest in Helsinki, Finland. Average monthly data is calculated. 438 

Date Temperature (°C) Moisture (v/v) Deposition Velocity (cm s-1) 

Aug-2005 17.98 0.2 0.0524 

Sep-2005 13.65 0.28 0.0531 

Oct-2005 8.51 0.35 0.0346 

Dec-2005 3.01 0.37 0.0197 

Jan-2006 -0.76 0.37 0.0014 

Feb-2006 -7.55 0.35 0.0001 

Mar-2006 1.18 0.36 0.0000 

Apr-2006 3.91 0.3 0.0435 

May-2006 8.77 0.31 0.0561 

Jun-2006 14.08 0.25 0.0701 

Aug-2006 17.27 0.29 0.0510 

Nov-2006 1.75 0.35 0.0312 

Dec-2006 1.64 0.36 0.0392 

 439 
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2.3.3 Evaluation 440 

The model evaluation used the procedures set out by Smith et al. (1996). The level of agreement 441 

between the simulated and measured deposition velocities was first assessed graphically by plotting 442 

simulations and measurements against time. The level of agreement between the simulated and 443 

measured deposition velocities was assessed statistically using the root-mean-square error, 𝐸RMSE (%), 444 

expressed as 445 

𝐸RMSE = √
|𝑆i−𝑂i|

𝑂i
× 100                                                                                                                             (21) 446 

where 𝑆i is the simulated value for soil H2 uptake (cm s-1), 𝑂i is the observed (measured) H2 uptake in 447 

the soil (cm s-1). A lower value of 𝐸RMSE indicates better model performance. 448 

The association between the simulations and the measurements was calculated using a linear 449 

regression model (r2). A t-test was used to assess the significance of the r2 value. 450 

3. Results 451 

3.1 Model Evaluation Using Texture-Based or Machine Learning–Derived 452 

Porosity 453 

The evaluation of the four models across the five datasets is illustrated in the heatmaps and summary 454 

plots (Fig. 1-6). Comparison of the results when soil porosity was estimated by (i) the TB approach, and 455 

(ii) the ML approach demonstrated that replacing TB- with ML-derived porosity generally improved 456 

model performance, reducing RMSE and increasing r² in most cases, although the magnitude and 457 

consistency of improvements varied across models and sites. The changes are most pronounced in the 458 

Bertagni and Ehhalt models and generally more modest in Morfopoulos and Smith–Downey. 459 

The Bertagni model showed clear improvement when ML-derived porosity was used. The average 460 

RMSE decreased from 79.4 % with TB porosity to 56.7 % with ML porosity, while the average r² 461 

https://doi.org/10.5194/egusphere-2026-1312
Preprint. Discussion started: 23 March 2026
c© Author(s) 2026. CC BY 4.0 License.



23 
 

decreased slightly from 0.43 to 0.40. A standout performance gain occurred at the site described by 462 

Lallo et al. (2008), where the RMSE was reduced significantly from 87.1% to 37.6% and r2 rose from 463 

0.38 to 0.65. The greatest gains occurred at the sites described by Meredith et al. (2017) and Cowan 464 

et al. (2025; Forest), where ML porosity produced substantially lower RMSE values and higher r². 465 

Bartyzel et al. (2013) showed improvement in RMSE (from 84.5% to 72.5%) while at the Cowan et al. 466 

(2025; Grassland) site, the simulations showed an increase in RMSE (from 67.7% to 77.2%). The 467 

average p-value increased from 0.04 to 0.25, suggesting weaker statistical significance. 468 

The Morfopoulos model produced mixed results. On average, the value of RMSE increased from 81.9% 469 

to 85.9%, driven by higher errors at Cowan et al. (2025; Grassland) (from 164.7 % to 257.6 %) and 470 

Meredith et al. (2017) (from 31.7 % to 46.5 %). However, performance improved notably for Cowan et 471 

al. (2025; Forest) (RMSE reduced from 75.5 % to 50.3 %), Bartyzel et al. (2013) (from 64.9 % to 47.0 472 

%), and Lallo et al. (2008) (from 72.6% to 28.2%). Despite the increase in average RMSE, r² improved 473 

from 0.58 to 0.62, indicating better fit between model and observations at several sites. The average 474 

p-value increased slightly from 0.00 to 0.03. 475 

The Ehhalt model largely benefited from using ML-derived porosity. The average RMSE decreased from 476 

69.5 % to 50.9 %, and the average r² increased from 0.52 to 0.63, showing notable overall gains in both 477 

accuracy and fit. At the Lallo et al. (2008) site, RMSE was nearly halved (85.9% to 49.3%) and r2 478 

improved from 0.43 to 0.78. At Meredith et al. (2017), model–data correspondence improved 479 

substantially (RMSE reduced from 52.6% to 18.2%), while, at the Bartyzel et al. (2013) site, the RMSE  480 

value increased slightly from 70.2% to 73.3%. The average p-value rose from 0.00 to 0.48, indicating 481 

weaker statistical significance. 482 

The Smith–Downey model showed moderate overall improvement with ML porosity. The average 483 

RMSE decreased slightly from 84.2% to 79.4%, while the average r² remained unchanged at 0.58. 484 

Improvements in RMSE were evident for Cowan et al. (2025; Forest) (80.2% to 70.3%), Meredith et al. 485 

(2017), and Bartyzel et al. (2013) (41.8% to 33.4%), Bartyzel et al. (2013) (66.3% to 54.6%), and Lallo 486 
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et al. (2008) (76.1% to 54.8%). Cowan et al. (2025; Grassland) exhibited a sharp increase in error 487 

(156.7% to 185.7%). The average p-value increased from 0.00 to 0.11.488 
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 490 

 491 

Figure 2:  Comparison of model performance metrics (RMSE %) across different simulations from the Bertagni (Bertagni 492 
et al., 2021), Morfopoulos (Morfopoulos et al., 2012), Ehhalt (Ehhalt and Rohrer, 2013), and Smith-Downey (Smith-493 
Downey et al., 2007) models. Original represent the original model output, ML represent soil porosity estimated from 494 
machine learning approach, 𝑚𝐶𝑀𝐴𝐶  indicate model outputs incorporating carbon-based microbial activity rate 495 
modifier, and 𝑚𝐶𝐶𝑀𝐴𝐶 represent incorporating coupled climate-carbon microbial activity rate modifier. 496 

  497 
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 498 

 499 

 500 

 501 

Figure 3: Heatmap showing the percentage improvement in Root Mean Square Error (RMSE) across various models. 502 
Cell values indicate the percentage reduction in RMSE relative to the "Original" version (REF); positive percentages 503 
denote increased model accuracy. The intensity of the grey scale corresponds to the magnitude of improvement. 504 
Original represent the original model output, ML represent soil porosity estimated from machine learning approach, 505 
𝑚𝐶𝑀𝐴𝐶  indicate model outputs incorporating carbon-based microbial activity rate modifier, and 𝑚𝐶𝐶𝑀𝐴𝐶 represents 506 
incorporating coupled climate-carbon microbial activity rate modifier. 507 

 508 

 509 

 510 

 511 

 512 

 513 

 514 

 515 

 516 

 517 

 518 
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 519 

 520 

 521 

 522 

Figure 4: Comparison of model performance metrics (r2) across different simulations from the Bertagni (Bertagni et al., 523 
2021), Morfopoulos (Morfopoulos et al., 2012), Ehhalt (Ehhalt and Rohrer, 2013), and Smith-Downey (Smith-Downey et 524 
al., 2007) models. Original represent the original model output, ML represent soil porosity estimated from machine 525 
learning approach, 𝑚𝐶𝑀𝐴𝐶  indicate model outputs incorporating carbon-based microbial activity rate modifier, and 526 
𝑚𝐶𝐶𝑀𝐴𝐶 represents incorporating coupled climate-carbon microbial activity rate modifier. 527 
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 528 

 529 

 530 

Figure 5: Relative Improvement in Model Performance (r2) across study sites. Cell values indicate the percentage 531 
increase in r2 relative to the "Original" version (REF); positive percentages denote increased model accuracy. The 532 
intensity of the grey scale corresponds to the magnitude of improvement. Original represent the original model output, 533 
ML represent soil porosity estimated from machine learning approach, 𝑚𝐶𝑀𝐴𝐶  indicate model outputs incorporating 534 
carbon-based microbial activity rate modifier, and 𝑚𝐶𝐶𝑀𝐴𝐶 represents incorporating coupled climate-carbon microbial 535 
activity rate modifier. 536 

 537 

 538 
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 539 

Figure 6: Comparison of p-values of t-test across different simulations from the Bertagni (Bertagni et al., 2021), 540 
Morfopoulos (Morfopoulos et al., 2012), Ehhalt (Ehhalt and Rohrer, 2013), and Smith-Downey (Smith-Downey et al., 541 
2007) models. Original represent the original model output, ML represent soil porosity estimated from machine learning 542 
approach, 𝑚𝐶𝑀𝐴𝐶  indicate model outputs incorporating carbon-based microbial activity rate modifier, and 𝑚𝐶𝐶𝑀𝐴𝐶 543 
represents incorporating coupled climate-carbon microbial activity rate modifier. 544 
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3.2 Model Evaluation Using Carbon-Based Microbial Activity Rate Modifier  545 

The evaluation of the four models across the five datasets is illustrated in the heatmaps and summary 546 

plots (Fig. 1-6). Overall, integrating the carbon-based microbial activity rate modifier (𝑚CMAC) into the 547 

H₂ uptake models, referred to in the figures as "Original + 𝑚CMAC", led to modest but generally 548 

consistent improvements across most models. These improvements were primarily reflected in small 549 

reductions in prediction error (RMSE) and marginal changes in explanatory power (r²). Among the four 550 

models, the Bertagni and Smith–Downey models showed the clearest overall reductions in RMSE, 551 

while the Ehhalt and Morfopoulos models exhibited smaller and dataset-dependent responses. 552 

In the Bertagni model, inclusion of 𝑚CMAC resulted in minor, but consistent, changes in model 553 

accuracy. The average RMSE decreased from 56.7% (with ML porosity) to 55.7%. Dataset-level 554 

responses were mixed, with reductions in RMSE for Lallo et al. (2008) (from 37.6% to 34.7%) and 555 

Bartyzel et al. (2013) (from 72.5% to 68.7%), while a slight increase was observed for Meredith et al. 556 

(2017) (from 18.2% to 19.0%). The average r² showed a small increase from 0.40 to 0.43, suggesting 557 

that the explanatory power of the model improved slightly. Average p-values also decreased from 0.25 558 

to 0.18, indicating a modest improvement in statistical performance. 559 

The Morfopoulos model exhibited mixed improvements when 𝑚CMAC was included. On average, RMSE 560 

decreased from 85.9% to 82.5%. The most pronounced improvement occurred for Lallo et al. (2008), 561 

where RMSE declined from 28.2% to 26.6%. Explanatory power showed a slight increase, with average 562 

r² rising from 0.62 to 0.63. However, at the Cowan et al. (2025; Grassland) site, the RMSE value 563 

remained high, only slightly decreasing from 257.6% to 243.9%. Average p-values increased from 0.03 564 

to 0.05, indicating a slight reduction in statistical significance. 565 

In the Ehhalt model, changes associated with the inclusion of 𝑚CMAC were minimal. The average RMSE 566 

decreased slightly from 50.9% to 48.6%, indicating marginal gains in predictive accuracy. Similarly, the 567 

mean r² remained unchanged at 0.63. While some datasets showed small improvements (e.g. for Lallo 568 

et al. (2008), RMSE fell from 49.3% to 44.8%), others exhibited negligible changes, such as Meredith 569 
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et al. (2017) where RMSE shifted from 19.4% to 19.0%. Average p-values decreased from 0.48 to 0.33, 570 

suggesting a small shift in statistical performance. 571 

The Smith–Downey model showed the most consistent improvement across all datasets. The average 572 

RMSE decreased from 79.7% to 76.8%, reflecting an overall enhancement in predictive performance. 573 

Substantial reductions were observed for Lallo et al. (2008) (from 54.8% to 51.1%) and Cowan et al. 574 

(2025; Forest) (from 70.3% to 63.5%). Notably, at the Bartyzel et al. (2013) site, RMSE improved from 575 

54.6% to 52.1%. However, average r² declined from 0.58 to 0.56, indicating a slight reduction in 576 

explanatory power despite lower errors. Average p-values increased from 0.11 to 0.13, suggesting 577 

stable statistical performance. 578 

Across all four models, the inclusion of 𝑚CMAC generally led to small reductions in RMSE, indicating 579 

modest improvements in predictive accuracy. The Bertagni and Smith–Downey models showed the 580 

clearest benefits in terms of average error reduction, whereas the Ehhalt and Morfopoulos models 581 

exhibited only marginal overall changes. 582 

3.2 Model Evaluation Using Coupled Climate-Carbon Modifier  583 

The evaluation of the four models across the five datasets is illustrated in the heatmaps and summary 584 

plots (Fig. 1-6). Overall, integrating coupled climate-carbon microbial activity rate modifier (𝑚CCMAC) 585 

into the H₂ uptake models substantially enhanced performance across most models. Improvements 586 

were generally reflected in higher explanatory power (r²) and reduced prediction error (RMSE). Among 587 

the four models, the Bertagni, Morfopoulos and Smith–Downey models showed the most pronounced 588 

gains, while the Ehhalt model demonstrated more moderate improvements. 589 

In the Bertagni model, the inclusion of 𝑚CCMAC led to clear improvements in model accuracy across 590 

most datasets. The average RMSE decreased from 56.7% (ML-baseline) to 47.4%, indicating a notable 591 

improvement in alignment with observed field data. A striking improvement occurred for the Lallo et 592 

al. (2008) dataset, where RMSE dropped from 37.6% to 27.5%, and for Cowan et al. (2025; Grassland), 593 
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where it fell from 77.2% to 38.2%. Similarly, average r² increased from 0.40 to 0.58, representing a 594 

25.6% improvement over the original model. Particularly strong gains in r2 were observed for Cowan 595 

et al. (2025; Grassland) (from 0.10 to 0.70) and Cowan et al. (2025; Forest) (from 0.03 to 0.22). The 596 

average p-value decreased from 0.25 to 0.10, suggesting a significant improvement in the statistical 597 

reliability of the model fit. 598 

The Morfopoulos model exhibited substantial improvements after incorporating 𝑚CCMAC. On average, 599 

the RMSE declined from 85.9% to 71.3%, indicating a major reduction in prediction error. The largest 600 

improvement was again evident for Cowan et al. (2025; Forest), where RMSE decreased from 257.6% 601 

to 150.8%, and for Lallo et al. (2008), which achieved the lowest overall error at 24.6%. The r² also 602 

increased from 0.62 to 0.65, showing a general enhancement in model fit across sites. Notably, at the 603 

Meredith et al. (2017) site, r2 increased from 0.82 to 0.91. The average p-value decreased from 0.05 to 604 

0.02, confirming that the model was highly responsive to the addition of 𝑚CCMAC. 605 

In the Ehhalt model, changes were smaller and less consistent. The average RMSE showed only a slight 606 

decrease, from 50.9% to 48.2%, suggesting minimal overall effect on prediction accuracy. The mean r² 607 

decreased slightly from 0.63 to 0.59, indicating no clear improvement in explanatory capacity. The 608 

average p-value improved significantly, decreasing from 0.48 to 0.23. Overall, the Ehhalt model 609 

exhibited marginal benefits from incorporating microbial effects, with changes being small and site-610 

dependent. 611 

The Smith–Downey model showed notable and consistent improvement across most datasets after 612 

adding 𝑚CCMAC. The average RMSE decreased from 79.7% to 65.4%, reflecting a considerable 613 

enhancement in predictive performance. Cowan et al. (2025; Grassland) showed the strongest 614 

response, with RMSE reducing from 185.7% to 122.0%, while Lallo et al. (2008) saw a reduction to 615 

41.3%. The average r² increased from 0.58 to 0.63, a +8.6% improvement over the original model. The 616 

most substantial gains were seen in Meredith et al. (2017), where r² rose from 0.66 to 0.83. The 617 
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average p-value decreased from 0.11 to 0.06, highlighting that the model benefited significantly from 618 

coupled microbial integration. 619 

Across all four models, the inclusion of the coupled climate-carbon microbial activity rate modifier 620 

(𝑚CCMAC) generally greatly improved model performance. The Bertagni, Morfopoulos and Smith–621 

Downey models exhibited clear reductions in RMSE and notable increases in r², demonstrating 622 

stronger predictive capability and more robust fit to field observations. In contrast, the Ehhalt model 623 

showed limited sensitivity to this specific microbial enhancement, with only minor changes observed 624 

in performance metrics. 625 

4. Discussion 626 

Our study introduces a new framework for incorporating microbial activity into soil H2 uptake models. 627 

The carbon-based microbial activity rate modifier (𝑚CMAC) uses the overall decomposability of SOC as 628 

a proxy for potential microbial activity, using the size and specific rate constants for decomposition of 629 

the different soil C pools to estimate overall SOC decomposability. Crucially, when environmental 630 

factors are coupled directly into the calculation (𝑚CCMAC), the results are substantially improved 631 

compared to the uncoupled version (𝑚CMAC). This biological refinement, complemented by the 632 

incorporation of ML-derived soil porosity, significantly strengthened overall model performance. 633 

4.1 The Physical Constraint: Influence of Machine Learning-Derived 634 

Porosity on Gas Diffusion 635 

A comparison of model outputs using ML-derived porosity with those using particle ratio-derived 636 

porosity shows that ML-based porosity generally enhanced model performance across the datasets. 637 

This improvement was most pronounced in the Bertagni and Ehhalt formulations. Conversely, the 638 

Morfopoulos model exhibited mixed performance trends, while the predictive metrics for the Smith–639 

Downey model demonstrated only marginal differences between the two porosity approaches.  640 
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It is important to note that soil H2 uptake is mainly a diffusion-controlled process. Therefore, when the 641 

porosity data obtained from ML were used, the results were improved. The traditional particle ratio 642 

method assumes that porosity is controlled mainly by soil texture fractions (sand, silt, and clay) and 643 

overlooks important influences, such as soil structure (Totsche et al., 2018; Young and Crawford, 2004), 644 

land use and management practices (Bronick and Lal, 2005; Strudley et al., 2008), and compaction 645 

effects (Schjønning et al., 2015). These factors can significantly affect pore connectivity, gas diffusion 646 

and microbial habitats. In contrast, the ML approach integrates these complex relationships through 647 

tree-based ensemble models, such as Random Forest and Gradient Boosting (Hengl et al. 2017). Using 648 

a large global soil profile database that includes information on texture, organic matter, topography 649 

and climate, it produces spatially detailed and realistic porosity estimates that provide better inputs 650 

for H2 uptake models. 651 

The different responses of the four models to ML-derived porosity can be explained by how each 652 

model represents soil diffusivity and the role that porosity plays within its structure. The observed 653 

significant improvement in the performance of both the Bertagni and Ehhalt models when 654 

incorporating ML-derived porosity is mechanistically linked to their structure. In the Bertagni model, 655 

diffusivity is calculated through a direct porosity formulation, which makes it highly sensitive to 656 

improved porosity inputs. The Ehhalt model also relies on a classical diffusion framework in which air-657 

filled porosity strongly affects gas transport; therefore, the more realistic ML-derived porosity leads to 658 

large reductions in RMSE and clear improvements in r² across sites. 659 

In contrast, the Morfopoulos and Smith–Downey models use porosity in a less direct way and depend 660 

on texture-based parameters. Because porosity affects these models both explicitly (through diffusion) 661 

and indirectly (through texture-related calibration terms), the benefit of switching to ML porosity is 662 

less predictable. At sites where ML porosity matches the real soil structure well (e.g. Lallo et al., 2008), 663 

the models perform better, but at other sites the mismatch between ML porosity and the models’ 664 

texture-sensitive components leads to higher RMSE, even when r² improves. These models rely more 665 
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on texture classification than on absolute porosity values, which limits their ability to take full 666 

advantage of high-resolution ML inputs. As a result, improvements in diffusivity do not always lead to 667 

better flux predictions. This is evident at the Cowan et al. (2025; Grassland) site, where field reports 668 

indicated that H2 uptake was primarily diffusion-driven. Cowan et al. (2025) noted that a simple 669 

regression using only soil moisture and temperature yielded an r2 = 0.60 for the grassland, compared 670 

to only 0.14 for the forest site. The superior performance of the Bertagni and Ehhalt models when 671 

integrated with ML-derived porosity aligns with these observations, confirming that capturing the 672 

physical diffusion path is critical in this grassland site. 673 

Overall, the results highlight that the choice of porosity parameterization is not a technical detail but 674 

a key determinant of model accuracy. Incorporating ML-derived soil information provides a more 675 

realistic representation of the soil physical environment and offers a pathway towards improved 676 

prediction of H₂ deposition processes in global atmospheric models. 677 

4.2. Performance of Models with Microbial Rate Modifier Incorporation  678 

The superior performance of  𝑚CCMAC stems from substrate-specific sensitivity and its ability to 679 

capture the dynamic interplay between carbon quality and climate. While 𝑚CMAC treats soil moisture 680 

and temperature modifiers as a simple linear scalar external to the carbon summation, 𝑚CCMAC 681 

integrates these modifiers directly inside the exponential term (𝐶pool × 1 −  𝑒−𝑘pool×𝑚T×𝑚M). 682 

Because the carbon mass (𝐶pool) and rate constants (𝑘pool) vary significantly across the four pools, 683 

placing the environmental modifiers inside the exponent fundamentally changes the relative weighting 684 

of each pool during the calculation. As illustrated in Fig. 7, where individual pools were fixed at a 685 

constant mass (𝐶pool = 25), different carbon pools exhibit distinct sensitivities to moisture and 686 

temperature. This mathematical coupling ensures that environmental fluctuations activate slow-687 

turnover pools (e.g. HUM) with a kinetic response that differs from fast-turnover pools (e.g. DPM). This 688 

divergence is primarily driven by the specific rate constant of each pool; the most labile fraction (DPM, 689 

𝑘 = 10 𝑦−1 ) shows the greatest departure from the climate baseline, while the most stable fraction 690 
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(HUM, 𝑘 = 0.02 𝑦−1) remains closest to it. By capturing these coupled kinetics, 𝑚CCMAC performs 691 

better than 𝑚CMAC, simulating microbial activity that is sensitive to both SOC quality and localized 692 

weather conditions. 693 

 694 

Figure 7: Sensitivity of SOC pools (DPM, RPM, BIO, and HUM) on temperature and moisture responses of the coupled 695 
climate-carbon modifier (𝑚𝐶𝐶𝑀𝐴𝐶). A)  thermal sensitivity of microbial activity when individual carbon pools are isolated 696 
at a constant mass of 25 t ha⁻¹ while maintaining other pools at zero ( 𝑚𝑀,𝐵=0.8). The solid line represents the 697 
temperature rate modifier (𝑚𝑇,𝐸) by Ehhalt et al. (2013) serving as the baseline for comparison. B) soil moisture 698 
sensitivity of microbial activity when individual carbon pools are isolated at a constant mass of 25 t ha⁻¹ while 699 
maintaining other pools at zero. The solid line represents the moisture rate modifier (𝑚𝑀,𝐵) serving as the baseline for 700 
comparison (soil temperature=20 °C, 𝑠̅𝑤𝑠 = 0.09 and  𝑠̅𝑜𝑝𝑡 = 1). 701 

The potential influence of SOC on H2 dynamics has been recognized in earlier studies. Notably, Conrad 702 

and Seiler (1985) observed a positive correlation between H2 deposition velocities and SOC content. 703 

Building on this, Lallo et al. (2008) demonstrated higher deposition velocities on organic forest floors 704 

compared to mineral soils, although the specific influence of C versus porosity remained ambiguous. 705 

Further strengthening the link, Khdhiri et al. (2015) established a linear relationship between total 706 

organic C and H2 uptake in soils. H2 oxidizing microbes are involved in various C cycling processes 707 

(Piché-Choquette and Constant 2019). For instance, Actinobacteria, such as Mycobacterium 708 
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smegmatis, that can oxidize atmospheric H2, are involved in SOC decomposition (King 2003). 709 

Furthermore, recent studies have shown that the exposure of soil to elevated H2 concentrations 710 

representative of those found in nature (i.e., 10,000 ppmv) increases the total number of types of C 711 

substrates used, as well as the rate of their consumption within a defined time period (Khdhiri et al. 712 

2017; Piché-Choquette et al. 2016). (Paul et al. 2016) also recognized the interconnectedness of H2 713 

oxidation and soil C dynamics. Therefore, a robust conceptual model for predicting H2 oxidation in soils 714 

should encompass both H2 uptake and the soil C activity.  715 

The development of 𝑚CCMAC was driven by the need to establish a more direct and mechanistic link 716 

between SOC and microbial activity, recognizing SOC as a primary driver of microbial processes 717 

alongside soil moisture and temperature. While other studies have attempted to incorporate SOC into 718 

models for estimating soil H2 oxidation, these efforts have often relied on simplified representations. 719 

Morfopoulos et al. (2012) relied on net primary productivity as a proxy for potential microbial activity, 720 

leading to the exclusion of significant ecosystems, such as deserts which have low SOC contents, and 721 

not fully accounting for below ground microbial activity. Recent work by Jordaan et al. (2020) 722 

demonstrates the substantial H2-oxidizing potential of desert soils, especially after rainfall events. 723 

Therefore, a comprehensive and accurate global soil H2 uptake model must move beyond simplified 724 

approaches and consider the full spectrum of environmental heterogeneity, including the previously 725 

underestimated contribution of deserts. Paulot et al. (2021) incorporated SOC into their model by 726 

adding a constant term to the Ehhalt model, further assuming a Michaelis-Menten dependence of this 727 

constant on measured soil C content. While this approach yields geographically varying deposition 728 

patterns (faster in tropics and high latitudes, slower in arid regions), it fails to capture the dynamic 729 

interplay between SOC cycling and H2 oxidation. 730 

4.3 Estimating Soil Moisture Thresholds  731 

The study also highlights sources of uncertainty, especially in the estimation of soil moisture 732 

thresholds, minimum (𝑠̅ws) and optimum (𝑠̅opt) soil moisture levels, used in calculating 𝑚CCMAC and 733 
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within the Bertagni model. These thresholds are estimated solely from soil texture, following the same 734 

approach used to calculate total soil porosity (Campbell, 1974). However, relying only on soil texture 735 

overlooks other factors, such as soil structure, organic matter and compaction, which can strongly 736 

influence microbial activity. 737 

This limitation helps explain the model’s underestimation of H₂ uptake in both the grassland and forest 738 

sites measured by Cowan et al. (2025). In these datasets, the observed H₂ uptake peaked during dry 739 

summer periods, when soil moisture was low. The original Bertagni model predicted almost no 740 

microbial activity under these dry conditions, leading to an underestimation of H₂ uptake. After 741 

incorporating 𝑚CCMAC, the model reproduced the observed uptake patterns more accurately. This 742 

improvement was due to the better estimation of 𝑠̅ws using PTFs (Eq. 25 and Eq. 26) within 𝑚CCMAC, 743 

which provided a more realistic representation of soil moisture thresholds that control microbial 744 

processes. This shift is supported by the laboratory measurements from Reji et al. (2025),   who found 745 

that 𝑠̅ws is unexpectedly low, with measurable H2 oxidation occurring at water potentials between -70 746 

and -100 MPa. 747 

Overall, these findings suggest that estimating soil moisture thresholds from texture alone introduces 748 

significant uncertainty. Incorporating PTF-based estimates that account for broader soil physical and 749 

biological properties improves the accuracy of moisture-related parameters. By moving away from 750 

plant-centric thresholds toward thresholds that reflect the thermodynamic limits of specialized 751 

microbes, models can better simulate uptake in extreme environment. 752 

Accurately determining 𝑠̅ws and 𝑠̅opt remains a key challenge, as these parameters are influenced by 753 

multiple factors beyond texture, including soil structure (Liu et al. 2022), electrical conductivity (Fu, 754 

Horton, and Heitman 2021), SOC content (Lal et al. 2018), temperature (Campbell and Norman 1998) 755 

and salinity (Morrissey et al. 2014). The results of this study show that estimating 𝑠̅ws and 𝑠̅opt using 756 

PTFs that incorporate both soil particle ratios and SOC content enhances model performance. In 757 

general, the threshold values derived from PTFs are lower than those estimated from texture-based 758 
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methods (Table 3), algins with laboratory measurement by Reji et al. (2025). This adjustment enables 759 

the model to better capture microbial activity under dry soil conditions, where measurable H₂ 760 

oxidation can still occur. 761 

Overall, our findings indicate that PTF‑based estimates of 𝑠̅ws and 𝑠̅opt enhance model performance 762 

by more accurately representing the hydrological limits relevant to microbial physiology. They also 763 

align with emerging evidence that microbial activity can continue at soil water potentials well below 764 

the traditional plant wilting point  (Liang et al. 2022), a complexity not yet fully incorporated into most 765 

ecosystem models. Future laboratory studies that directly quantify H₂ uptake across a range of 766 

low‑moisture conditions are critically needed. Such measurements would enable empirical calibration 767 

of PTF-derived thresholds and further improve the predictive accuracy of soil biogeochemical models 768 

under extreme moisture regimes. 769 

4.4 Limitations and Future Research 770 

While the inclusion of 𝑚CCMAC improved model performance and biological realism, several 771 

limitations remain. Despite the inclusion of five diverse datasets, the evaluation still covers a relatively 772 

limited range of the Earth's ecosystems. Key regions, such as high-latitude permafrost soils or tropical 773 

wetlands, remain under-represented.  774 

Microbial H2 uptake remains active across extreme moisture gradients, which presents unique 775 

challenges for current modelling frameworks. At the dry end of the spectrum, microbial uptake persists 776 

at moisture levels far below the plant wilting point, a process that is currently not represented well in 777 

existing models. Conversely, uptake continues in saturated soils due to the unique physical properties 778 

of H2. As the smallest molecule, H2 diffuses effectively through thin water films and navigates through 779 

pockets of trapped air within the saturated soil matrix. Because these mechanisms differ significantly 780 

from transport in intermediate soil conditions, it is essential to expand our empirical understanding. 781 

Future research must prioritize the collection of data across both the very dry and the fully saturated 782 

ends of the soil moisture spectrum to improve the accuracy of environmental models. 783 
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5. Conclusion 784 

This study provides a comprehensive evaluation of soil H2 uptake models, demonstrating that the 785 

accuracy of global sink estimates depends on both physical parameters and mechanistically coupled 786 

biological drivers. 787 

Our results confirm that ML-derived porosity significantly outperforms traditional texture-based 788 

methods. By capturing complex, non-linear relationships between soil structure, organic matter and 789 

management practices, the ML approach provides a more realistic physical "template" for gas 790 

diffusion. This was particularly evident in the Bertagni and Ehhalt models, where the transition to ML-791 

based porosity led to a substantial reduction in RMSE and enhanced correlation with field 792 

observations. 793 

Furthermore, this work establishes microbial activity as a primary regulator of soil H2 dynamics. The 794 

transition from a carbon-based microbial activity rate modifier (𝑚CMAC) to a coupled climate-carbon 795 

modifier (𝑚CCMAC) proved essential for capturing the biological signal. By placing environmental 796 

modifiers inside the exponential term, the 𝑚CCMAC framework accounts for the substrate-specific 797 

sensitivity of different carbon pools. Integrating 𝑚CCMAC led to stronger model-data correspondence 798 

for the Bertagni, Morfopoulos, and Smith–Downey models. In contrast, the Ehhalt model's 799 

performance was relatively unaffected, suggesting that its structure is less responsive to this specific 800 

adjustment. 801 

By addressing the missing component of microbial dynamics in existing H2 uptake models, this work 802 

underscores the necessity of integrating biotic factors into global frameworks. The 𝑚CCMAC modifier 803 

provides a mechanistically grounded and ecologically representative pathway for predicting 804 

atmospheric H2 cycling, offering more robust projections of the soil sink under changing global 805 

environmental conditions. 806 
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