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Abstract. Humid tropical forests are critical regulators of the global carbon (C) cycle, yet their soil C stocks are increasingly

vulnerable to warming. Predicting potential losses requires a mechanistic understanding of the processes that govern soil C

stabilization and mineralization, particularly in Fe-rich soils, where iron (Fe) redox cycling plays a dual role in both protect-

ing and decomposing organic matter. However, the temperature dependency of these Fe-mediated processes remains poorly

understood. In this study, we quantified the temperature dependence of FeIII reduction by conducting anoxic incubations at5

23, 27, and 33 ◦C and calibrating four kinetic models of increasing complexity to estimate the Q10 and Arrhenius (Ea) using

a Markov Chain Monte Carlo (MCMC) framework. Model performance was evaluated using Bayesian information criteria

(WAIC, LOO, and LPML) to assess fit, complexity and uncertainty. Short-term warming significantly accelerated Fe-reduction

rates, potentially destabilizing mineral-associated organic carbon and enhancing microbial respiration. Estimated Q10 and Ea

values ranged from 1.5 to 2.1 and 30.8 to 56.5 kJ mol-1 respectively, comparable to the temperature sensitivity values mea-10

sured in temperate and tropical biomes. With the available data, Bayesian information criteria preferred the simplest one pool

FeII model due to its parsimony. In contrast, the most complex (three pool) model, which includes dissolved organic carbon

(DOC) dynamics alongside Fe reduction and oxidation, was generally the least preferred by Bayesian information criteria due

to increased uncertainty from unconstrained additional processes. These results underscore the importance of temperature-

dependent Fe redox processes in regulating soil C cycle in humid tropical soils and emphasize the need to balance model15

complexity with data availability when modeling coupled C-Fe interactions.

1 Introduction

In humid tropical forests, the response of soil organic carbon (SOC) to warming is complicated by its close interactions with

Fe minerals (Cusack et al., 2016; Nottingham et al., 2020; Scharlemann et al., 2014; Wood et al., 2025). Humid tropical

soils experience relatively stable temperatures and frequent rainfall that enhance redox cycling in soil microsites (Liptzin20

et al., 2011; Hall et al., 2013). Under anoxic conditions, microbial communities can use Fe reduction to obtain energy from
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organic substrates, reducing FeIII to FeII while decomposing organic matter (Lovley, 1991; Roden and Wetzel, 1996; Roden,

2004; Dubinsky et al., 2010). This process can also destabilize FeIII–SOC associations, releasing previously protected SOC

(Bhattacharyya et al., 2018), which in turn becomes available for microbial decomposition (Song et al., 2022; Tang et al.,

2025). Conversely, Fe oxidation can re-stabilize SOC by promoting new FeIII mineral formation and re-sorption of organic25

carbon (Thaymuang et al., 2013; Souza et al., 2018; Silva et al., 2015; Silva Neto et al., 2008). The redox-driven coupling

of Fe cycling and SOC turnover thus introduces a dynamic feedback, where warming may accelerate both SOC release and

re-stabilization, depending on redox conditions. While it is often assumed that tropical soils are less sensitive to temperature

than cooler soils (Feeley and Silman, 2010), whether warming make these soils vulnerable to redox-driven changes in Fe-C

dynamics and in turn SOC decomposition remains to be quantified (Cusack et al., 2016).30

Temperature profoundly affects the soil carbon cycle by stimulating microbial activity and increasing heterotrophic respira-

tion, which together accelerate organic matter decomposition (Davidson and Janssens, 2006; Allison et al., 2010; Wieder et al.,

2013; Balser and Wixon, 2009). The temperature dependence of decomposition can weaken the capacity of humid tropical

forests to act as carbon sinks, intensifying feedbacks between climate and the global carbon cycle (Corlett, 2016). To anticipate

these responses, it is essential to develop quantitative models that capture the temperature dependence of carbon mineralization35

processes (Nottingham et al., 2020; O’Connell et al., 2018). In humid tropical soils, temperature can influence SOC dynamics

through multiple pathways, one of which is its effects on FeIII reduction, which may enhance carbon mineralization (Barcellos

et al., 2018a; Hall et al., 2013; Yao and Conrad, 2000). Understanding the temperature response of these Fe-C processes is

therefore critical to accurately predict soil carbon fluxes and their feedback on microbial activity and mineral dynamics.

Numerous studies have examined the effects of warming on soil heterotrophic respiration (Dacal et al., 2022; Chari et al.,40

2021; Romero-Olivares et al., 2017; Allison et al., 2010; Carey et al., 2016; Melillo et al., 2017) as well as organic matter de-

composition (Conant et al., 2011; Davidson et al., 2012; Allison et al., 2010; Oliverio et al., 2017). Collectively, these studies

demonstrate that increasing temperature generally accelerates microbial respiration and organic matter decomposition, leading

to enhanced CO2 efflux and shifts in microbial community composition, depending on substrate availability, moisture, and

microbial thermal adaptation. Yet, the temperature dependence of Fe redox dynamics in humid tropical soils remains com-45

paratively understudied compared with other soil processes and ecosystems, with most evidence on Fe redox processes from

temperate and wetland ecosystems. For instance, Schilling et al. (2019) reported that microbial FeIII reduction in subalpine

wetland soils exhibited strong temperature dependency (Q10 ranges 1.5–8.9). Pallud et al. (2020) similarly found broad tem-

perature responses in wetland soils (Q10 = 0.8–5.3), while Curtinrich et al. (2022) found that warming enhanced FeIII reduction

and altered carbon-nutrient fluxes also in peatland soils. In addition, incubation experiments that integrate temperature and50

redox manipulations (Chari et al., 2021) revealed that elevated temperatures further intensified FeIII reduction and CO2 release

under reducing conditions. Soil-warming experiments in humid tropical regions have focused primarily on bulk carbon and

nutrient cycling (Giardina et al., 2014; Kimball et al., 2018; Nottingham et al., 2020; Balser and Wixon, 2009) and less on

specific Fe-mediated pathways that regulate carbon mineralization and stabilization. This gap is critical because Fe oxides and

Fe-reducing or Fe-oxidizing microbes can exert strong control over SOC dynamics, particularly in humid tropical soils where55
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fluctuating redox conditions can mediate both carbon release and protection (Calabrese et al., 2020; Barcellos et al., 2025; Lin

et al., 2021).

Given the coupling between Fe redox, microbial, and DOC processes, the temperature response of an Fe process (e.g.,

FeIII reduction) inferred from model fitting depends on what processes are explicitly included in the model. For example, a

reduction rate coefficient estimated using a change in FeII between two time points (i.e., linear interpolation) would differ from60

one estimated based on multiple time points using Monod kinetics that includes the influence of FeIII availability. While detailed

consideration of all the processes controlling Fe redox dynamics may increase realism, the feasibility of using higher-order

models depends on data availability. Avoiding overfitting requires carefully balancing model complexity with the limitations of

empirical observations (Fang and Gentine, 2024; Cameron et al., 2022). Bayesian calibration provides a powerful framework

for integrating biogeochemical theory with observational data while accounting for parameter and data uncertainties (Clifford65

et al., 2014). Specifically, Bayesian approaches enable full probabilistic characterization of model parameters through posterior

distributions that integrate prior knowledge with likelihood functions, potentially providing robust predictions grounded in both

theory and data (Xie et al., 2020). Bayesian inference, particularly when implemented through ensemble samplers in Markov

Chain Monte Carlo (MCMC), can reveal complex, non-linear behaviors, parameter correlations, and multimodal distributions

inherent in soil biogeochemical systems.70

In addition to quantifying parameter uncertainty, model selection should be based on metrics that account for this uncertainty

and penalize model complexity (e.g., more parameters). Unlike traditional goodness-of-fit metrics (e.g. the coefficient of de-

termination R2, which only quantifies the distance between mean prediction and observation), probabilistic model assessment

metrics, including the Watanabe-Akaike Information Criterion (WAIC), Log Pseudo Marginal Likelihood (LPML), and Leave-

One-Out Cross-Validation (LOO), enable evaluation of the trade-off between model fit and complexity. These metrics account75

for full posterior uncertainty and provide a more nuanced and probabilistically grounded assessment of model performance.

Importantly, they penalize overfitting and unnecessary complexity (Gelman et al., 2014), ensuring that selected models are not

only accurate in fitting observed data but also generalizable and robust in predictive contexts. While detailed consideration of

all the processes controlling Fe redox dynamics may increase realism, the feasibility of using higher-order models depends on

data availability.80

Here, we sought to quantify the temperature dependence of Fe reduction under constant anoxic conditions in humid tropical

soils and to enhance our mechanistic understanding of how temperature-driven Fe redox cycling influences soil carbon dy-

namics. To address this, we conducted controlled laboratory slurry incubations using soils collected from valley regions near

the El Verde Field Station, Luquillo Experimental Forest, Puerto Rico. We monitored changes in FeII and FeIII concentrations

under anoxic conditions, where oxygen was maintained absent throughout the incubation at 23 ◦C, 27 ◦C, and 33 ◦C for 1285

consecutive days. Slurry incubations were used to quantify potential Fe reduction rates under well-mixed conditions. Slurring

in fact minimizes diffusion constraints, reduces microsite heterogeneity, and suppresses FeII re-oxidation relative to intact soils,

enabling a clear assessment of intrinsic temperature controls on FeIII reduction kinetics but with reduced relevance to structured

and heterogeneous field soils. To capture Fe-reduction dynamics, we developed process-based models spanning four levels of

mechanistic complexity. First, we introduced a one-pool FeII based model, in which FeII accumulation is treated as the sole dy-90
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namic state variable, while the reducible FeIII pool is constrained using independently measured citrate–ascorbate extractable

short-range-ordered (SRO) Fe. We then considered an alternative one-pool formulation based on 0.5 M HCl-extracted FeIII

kinetics derived from the slurry experiment. A two-pool model explicitly represented coupled FeIII and FeII dynamics using

slurry-derived measurements, and a three-pool model further incorporated dissolved organic carbon (DOC) to capture Fe–C

interactions. Using a Bayesian inference approach, we estimated key temperature-dependent rate constants (rRED and KRED)95

and derived their corresponding Q10 and activation energy (Ea), providing quantitative insight into temperature dependence.

Model performance was evaluated using the coefficient of determination (R2) along with Bayesian model selection criteria,

WAIC, LPML, and LOO, which enabled a rigorous comparison of model fit, complexity, and parameter uncertainty. This in-

tegrated modeling approach allowed us to estimate the temperature dependence of Fe reduction using the most suitable model

structure with the lowest uncertainty.100

2 Methodology

Soil samples were collected in June 2016 from the valley regions near the El Verde Field Station within the Luquillo Experi-

mental Forest (LEF), Puerto Rico (Barcellos et al., 2018b). The sampling site is located in the Espíritu Santo watershed, part

of the NSF-funded Luquillo Critical Zone Observatory (LCZO) and Long-Term Ecological Research (LTER) programs. This

region receives a mean annual precipitation of approximately 3,500 mm y−1, with low seasonality but occasionally experiences105

extreme rainfall events exceeding 100 mm d−1 due to Caribbean storm systems (Heartsill-Scalley et al., 2007). On average,

there are about 225 rainy days per year (61.6 %), and the mean annual temperature is approximately 23 ◦C (Gross et al.,

2018). Soils are predominantly classified as Inceptisols (Typic Eutrudepts) (Hall and Silver, 2015; Barcellos et al., 2018b) and

the valleys are characterized by high soil moisture (prone to flooding) and a pH of approximately 6 (Barcellos et al., 2018b).

Soil samples were collected from the surface to a depth of 15 cm and transported to the University of Georgia where they110

were sieved to 2 mm and air-dried until further use. In the lab, soil slurries were prepared with a 1:10 soil:solution ratio and

incubated at 23 ◦C, 27 ◦C, and 33 ◦C. The incubation experiments were conducted in triplicate under anoxic conditions for

12 consecutive days to monitor temporal changes in 0.5 M HCl extractable FeII and FeIII concentrations throughout the ex-

periment. The 0.5 M HCl extraction effectively captures the pool of reactive FeII produced during microbial FeIII reduction,

whereas HCl-extractable FeIII represents a labile but incomplete fraction of the total reducible FeIII pool. To better constrain115

the total reducible iron reservoir, independently measured values of total reducible short-range-ordered Fe (SRO-Fe) for valley

soils were incorporated, using published values from Barcellos et al. (2018b) and Ginn et al. (2017). These values were used

to represent the size of the reducible FeIII pool in model formulations where direct measurements were not available.

2.1 Modeling temperature dependency on Fe dynamics for constant anoxic conditions

To estimate the temperature dependence of Fe reduction dynamics under constant saturated (anoxic) conditions, we employed120

a series of models capturing different Fe-C interactions. We first consider a simple one pool model based on FeII accumulation,

in which FeII is treated as the sole dynamic state variable. The size of the reducible FeIII pool is constrained using indepen-
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dently measured citrate–ascorbate extractable short-range-ordered (SRO) Fe from the El Verde field station (Ginn et al., 2017;

Barcellos et al., 2018b), as this operationally defined fraction most closely represents the highly reactive, microbially reducible

FeIII phases available over the timescale of our anoxic incubations. While using SRO-Fe as an external constraint avoids relying125

on HCl-extractable FeIII pools, which may not entirely represent the bioavailable reducible Fe fraction, we also implemented a

complementary one pool model using 0.5 M HCl-extracted slurry time-series FeIII observations to add dynamics to the avail-

able FeIII pool. Model complexity was then progressively increased by introducing a two pool model that explicitly represents

coupled FeII and FeIII dynamics, leveraging measurements of both species to constrain Fe reduction processes. Finally, a three

pool model was developed by incorporating a dissolved organic carbon (DOC) pool to account for potential Fe–C interactions.130

Although no observed DOC data were available, this formulation allows exploration of how carbon dynamics modulate the

temporal evolution of FeII and FeIII.

2.1.1 One pool FeII model

Under constant anoxic condition, a mass balance equation for FeII can be written as Ginn et al. (2017); Calabrese and Porporato

(2019),135

dFeII

dt
=RED, (1)

where FeII represents the concentration of ferrous iron and RED is the microbial FeIII reduction rate. Assuming mass conserva-

tion under closed conditions, the pool of reducible FeIII is represented as FeTot – FeII, where FeTot denotes the citrate-ascorbate

extractable SRO-Fe pool (although true total Fe is much higher). This operationally defined SRO-Fe fraction is considered

to approximate the rapidly reducible FeIII pool available to microorganisms (Barcellos et al., 2018b; Ginn et al., 2017). The140

reduction rate is expressed using the Michaelis-Menten type for formulation.

RED = rRED · FeTot −FeII

FeTot −FeII +KRED
, (2)

where rRED is the maximum reduction rate and KRED is the half saturation constant of the reduction reaction. This formulation

accounts for enzymatic control and substrate limitation of microbial FeIII reduction. This one pool model requires calibration

of the two kinetic parameters (rRED & KRED) and total available Fe for reduction FeTot.145

2.1.2 One pool FeIII model

While the previous model is developed to assimilate FeII data, we formulate an alternative one pool model to assimilate FeIII.

The mass balance equation for FeIII under constant anoxic condition, can be written also from Ginn et al. (2017); Calabrese

and Porporato (2019),

dFeIII

dt
=−RED, (3)150
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where FeIII is the concentration of ferric iron and RED is the reduction rate, which in this case can be expressed directly as

a function of FeIII

RED = rRED · FeIII

FeIII +KRED
, (4)

where rRED is the rate constant and KRED is the half saturation constant of the reduction reaction. This one pool model also

requires calibration of the two kinetic parameters (rRED & KRED) and the initial condition of FeIII (t=0).155

2.1.3 Two pool model (FeII and FeIII)

Since HCl extracted time-series data are available for both FeII and FeIII from the slurry experiment, the two pool model

explicitly represents both Fe pools. The balance equations for FeII and FeIII under anoxic conditions can be written as

dFeII

dt
=RED (5)

dFeIII

dt
=−RED. (6)160

where RED is computed similarly following Eq. (4). The oxidation of FeII to FeIII is not considered as we assume complete

absence of O2, in line with the experimental conditions. The two-pool model does not introduce any new kinetic parameters,

but it does add the initial FeII condition as a parameter to be calibrated.

2.1.4 Three pool model (FeII, FeIII, and DOC)

To investigate how additional processes affect model calibration and uncertainty, the three pool model further incorporates the165

dissolved organic carbon (DOC) pool, for which no data are available. This allows us to test whether the additional model

flexibility translates into additional predictive power or uncertainty. Under the conditions of the soil slurries, the temporal

change in DOC concentration is controlled by the microbial uptake of DOC, a process linked to the microbial reduction of FeIII

(UDOC−FeIII )—among many other anaerobic processes—and the release of Fe-mineral-associated (sorbed or trapped) organic

matter (FeOM) as DOC, denoted as Ffd170

dDOC

dt
=−UDOC−FeIII +Ffd (7)

Under anoxic conditions, Fe-based DOC uptake can be estimated from the reduction reaction (RED) and the stoichiometric

coefficient (β) representing the molar ratio of Fe reduced per mole of carbon decomposed

UDOC−FeIII =
RED

β
(8)

With the inclusion of DOC, the reduction kinetics (RED) can also be expressed based on the availability of DOC as an additional175

limiting factor

RED = rRED · FeIII

FeIII +KRED
· DOC

DOC +KDOC
(9)
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The release of DOC (Ffd) is influenced by the concentration of Fe mineral-associated organic carbon (FeOM) (Huang and

Hall, 2017) and can be estimated as proportional to the change in FeIII concentrations over time through a coefficient (qmaxfe)

representing the concentration of DOC released per unit FeIII. This process is described by180

Ffd = qmaxfe ·
dFeIII

dt
(10)

Combining these expressions, the overall DOC dynamics under constant anoxic conditions can be written as

dDOC

dt
=−RED

β
+ qmaxfe ·

dFeIII

dt
(11)

where the full coupling with the dynamics of FeIII is more explicit. Because of the additional interactions, the three pool model

adds KDOC , qmaxfe, and the initial condition of DOC (t=0) to the list of parameters to be calibrated.185

2.2 Bayesian calibration

The values of the kinetic parameters across the three experimental temperatures were obtained through Bayesian calibration. In

particular, we used the emcee package (Foreman-Mackey et al., 2013) in Python, which employs the Affine Invariant Ensemble

Sampler for Markov Chain Monte Carlo (MCMC). The ensemble sampler uses multiple walkers that explore the parameter

space concurrently, improving efficiency and handling complex, correlated distributions. We used 64 walkers, each running for190

5,000 iterations, resulting in a total of 320,000 samples. To allow for chain stabilization, the first 300 iterations of each walker

were discarded as burn-in (300×64), leaving 300,800 samples for the posterior analysis. In MCMC calibration, the processing

rate (iterations per second) decreases as additional parameters are introduced, since they increase model complexity and the

dimensionality of the parameter space. Convergence and mixing (efficient exploration of the posterior) were assessed through

visual inspection of trace plots. The retained samples were used to estimate posterior means, credible intervals, and to evaluate195

model performance. Lognormal informative priors (Table S2) were employed to initialize the runs, with the parameters of the

prior distributions selected based on expert judgment and earlier empirical findings (Allison et al., 2010; Li et al., 2014; Barcel-

los et al., 2018b; Ginn et al., 2017; Huang and Hall, 2017). The likelihood function was formulated assuming the logarithm of

normally distributed residuals between observed and model-predicted FeIII concentrations in linear space, allowing for a direct

and interpretable measure of model performance. This approach ensures parameter estimates span realistic ranges consistent200

with biogeochemical models. Overall, using emcee for Bayesian calibration allows for a more nuanced understanding of the

soil C-Fe model, addressing both parameter uncertainty and model complexity, thus enhancing the reliability of predictions.

2.3 Information criteria and cross validation

Bayesian model evaluation relies on metrics that account for uncertainty in parameter estimates and predictive accuracy across

the posterior distribution. Among the most widely recommended are the Widely Applicable Information Criterion (WAIC),205

Leave-One-Out Cross-Validation (LOO), and the Log Pseudo-Marginal Likelihood (LPML). These methods provide more ro-

bust measures of model fit compared to classical criteria like Akaike Information Criterion (AIC) and Bayesian Information

7

https://doi.org/10.5194/egusphere-2026-2111
Preprint. Discussion started: 22 April 2026
c© Author(s) 2026. CC BY 4.0 License.



Criterion (BIC) which rely solely on point estimates and do not capture the full posterior uncertainty inherent in Bayesian mod-

els fitted via Markov Chain Monte Carlo (MCMC) (Xie et al., 2020). WAIC and LOO both estimate out-of-sample predictive

performance using posterior samples, with lower values indicating better model performance (Vehtari et al., 2017). LPML, de-210

rived from the conditional predictive ordinate (CPO), aggregates predictive densities for each observation left out of the model

(Chen et al., 2012); higher LPML values suggest superior predictive fit. In contrast, AIC and BIC are either non-Bayesian

or only partially Bayesian, and they tend to perform poorly in non-linear models due to reliance on asymptotic assumptions

or single point estimates (Spiegelhalter et al., 2002; Gelman et al., 2014; Vehtari et al., 2017). Therefore, WAIC, LOO, and

LPML are preferred for model comparison. In addition to these Bayesian metrics, we also report the classical coefficient of215

determination (R2), which provides a familiar and interpretable measure of variance explained by the model and remains a

useful complement for comparing model predictions to observed data.

2.4 Estimation of temperature dependency

After running the MCMC simulation, the kinetic constants calibrated at the three temperatures are fitted to Q10 and Arrhenius

models to estimate the Q10 and activation energy (Ea) values, which quantify the temperature dependence of biologically-220

mediated processes. This analysis is conducted across the four models, allowing us to investigate how model complexity for

given data availability impacts the estimates of temperature dependence.

The Q10, which quantifies the temperature dependency of a process, is calculated from the slope of the log-linear relationship

between rates and temperature

r2 = r1Q
(
T−T0

10 )
10 (12)225

In this equation, r2 represents the value of rate constants (rRED, KRED, KDOC) at temperature T, while Q10 is the corresponding

rate at the reference temperature T0 (i.e., 23 ◦C). Each rate constant was analyzed separately to determine its temperature

dependency. The activation energy (Ea) is estimated similarly, from the following equation

r =Ae−( Ea
RT ) (13)

Where r denotes the value of rate constants (rRED, KRED, KDOC) at temperature T and A denotes a pre-exponential factor230

associated with the rate constants, and R is the universal gas constant.

We note that the MCMC calibration of the model equations (Eq. (4) and Eq. (9)) was used to estimate the kinetic parameters

independently at each temperature, without incorporating the Q10 and Arrhenius formulations a priori. This way, the estimation

of the parameters variation with temperature is not constrained by the specific temperature-dependence formulation. The Q10

and Arrhenius equations are later fitted to the calibrated parameters to estimate their temperature dependence metrics (Q10 and235

Ea). This also allows us to test the validity of both the Q10 and Arrhenius models for soil Fe reduction kinetics.
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3 Results

This study aims to quantify the temperature dependence of Fe reduction under constant anoxic conditions in humid tropical

soils and to advance the mechanistic understanding of how temperature-driven Fe redox cycling regulates soil carbon dynamics.

To accomplish this, we present the calibration results, examining the temperature dependence of reduction dynamics using four240

models of increasing complexity. The performance of each model is then evaluated based on goodness of fit, model complexity,

and uncertainty.

3.1 Overall T patterns

The calibrated kinetic parameters of the reduction kinetics for the four models at three different temperatures (23, 27, and 33
◦C) are summarized in Table 1 (numbers in parentheses indicate the standard deviation of the estimates). The reaction rate245

rRED increases with temperature across all models, consistent with the expected temperature dependence of reaction kinetics.

The half saturation constant KRED generally increases with temperature in the two and three pool models. In contrast, the value

of KRED remain almost same at the one pool FeII model with increasing temperature, while in the one pool FeIII model, the

value at 27 ◦C is slightly lower than at 23 ◦C. The coefficient (qmaxfe) in the three pool model remains unchanged across

temperatures. While the initial concentration of FeIII and FeII exhibit minor fluctuations with temperature across the models (as250

expected due to experimental uncertainty), the initial DOC concentration decreases with increasing temperature. The values of

different initial conditions are provided in Table S1.

3.2 Fe reduction in the one pool FeII model

The one pool FeII model successfully reproduces the temporal increase in FeII concentrations under constant anoxic conditions

at all three temperatures (23, 27, and 33 ◦C). At 23 °C, the modeled FeII concentration increases steadily over the 12-day255

period, closely matching the observed data with minimal deviations (Figure 1a). The trajectories exhibit an approximately

linear increasing trend, indicating a nearly constant net reduction rate under these conditions. At 27 °C, FeII accumulation

occurs more rapidly, consistent with enhanced microbial reduction at elevated temperature, and the modeled curve aligns well

with observations, with minor discrepancies around day 5. At 33 °C, the model predicts the fastest FeII accumulation, and

the observed data follow the same overall trend. Overall, the strong agreement across temperatures indicates that the one260

pool FeII model effectively captures the temperature dependence of Fe reduction dynamics, although the larger deviations at

higher temperatures may suggest the increasing influence of additional processes not explicitly represented in this simplified

formulation.

The posterior probability density functions (PDFs) of the reduction rate constant (rRED) shift toward higher values with

increasing temperature, see Figure 1b. Mean rRED increases from approximately 6.4 mmol kg-1d-1 at 23 ◦C to about 9.6 mmol265

kg-1d-1 at 33 ◦C. The distribution at 23 ◦C is relatively narrow, suggesting strong parameter constraint, while the distribution

at 27 ◦C is noticeably wider, indicating greater uncertainty or variability in the estimated rates at intermediate temperature. At

33 ◦C, the distribution is moderate in width, wider than at 23 ◦C but narrower than at 27 ◦C, suggesting improved constraint
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Table 1. Calibrated kinetic parameters, including the reduction rate (rRED), half-saturation constants (KRED and KDOC), and coefficient

(qmaxfe), are shown for 23 ◦C, 27 ◦C, and 33 ◦C across all four models. Uncertainties are given in parentheses.

T (◦C) rRED KRED KDOC qmaxfe

(mmol kg−1 d−1) (mmol kg−1) (mmol kg−1) (unitless)

One pool FeII model

23 6.40 (±0.15) 8.03 (±0.99) – –

27 7.22 (±0.43) 8.03 (±1.01) – –

33 9.61 (±0.27) 8.00 (±0.99) – –

One pool FeIII model

23 9.19 (±0.36) 9.45 (±1.12) – –

27 10.13 (±0.35) 8.50 (±1.08) – –

33 15.97 (±0.66) 15.28 (±2.31) – –

Two pool model (FeII and FeIII)

23 7.96 (±0.20) 7.36 (±0.81) – –

27 9.88 (±0.32) 8.34 (±1.07) – –

33 15.95 (±0.64) 15.74 (±2.26) – –

Three pool model (FeII, FeIII, and DOC)

23 9.09 (±0.33) 6.38 (±0.72) 3.77 (±0.95) 0.37 (±0.03)

27 12.70 (±0.81) 7.40 (±0.90) 5.49 (±1.40) 0.37 (±0.03)

33 19.15 (±1.22) 7.86 (±0.96) 8.10 (±1.90) 0.37 (±0.03)

relative to 27 ◦C while still reflecting increased variability at higher temperature. Despite temperature specific differences,

the relatively narrow distributions indicate good parameter identifiability. In contrast to rRED, the posterior distributions of the270

half-saturation constant (KRED) largely overlap across temperatures. Mean values remain close to 8 mmol kg-1 (Figure 1c),

indicating that temperature primarily influences the rate of reduction rather than its dependence on Fe availability.

The estimated rRED values show a strong positive relationship with temperature, with both the Q10 and Arrhenius mod-

els providing excellent fits (R2 > 0.98). The estimated Q10 value (1.50) and Arrhenius activation energy (30.65 kJ mol-1)

suggest moderate temperature dependency, but still consistent with biologically mediated redox reactions (Figure 1d). The275

half-saturation constant exhibits minimal variation with temperature, as reflected by the near-zero activation energy and Q10

∼ 1 (Figure 1e). This means microbes reduce Fe faster at higher temperatures, indicating that temperature mainly regulates

microbial metabolic rates (rRED), while their dependence on Fe availability stays roughly unchanged.
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Figure 1. Temperature-dependent dynamics of the FeII pool and corresponding model fits. (a) Observed and modeled FeII concentration

over time at 23 ◦C, 27 ◦C, and 33 ◦C. Solid line represents mean model predictions and shaded regions indicate 95% confidence intervals.

Dots correspond to observed FeII concentrations at each temperature. Probability density functions (PDFs) of the estimated rate constants (b)

rRED and (c) KRED for FeII accumulation at each temperature. Temperature dependence of (d) rRED and (e) KRED, fitted using the Q10 model

(green line) and the Arrhenius model (red dashed line). Experimental data are shown with error bars. Model fitted parameters (Q10, Ea) and

coefficients of determination (R2) are annotated within each plot.
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3.3 Fe reduction through the one pool FeIII model

At 23 ◦C, the modeled FeIII concentration decreases steadily over the 12-day period, closely matching the observed data, as280

indicated by minimal deviations (Figure 2a). At 27 ◦C, the rate of FeIII decline is slightly faster, reflecting the effect of elevated

temperature on system dynamics. The modeled trajectory at this temperature also aligns well with the observed points, though

moderate discrepancies are again noticeable at day 5. At 33 ◦C, the model predicts the most rapid decline in FeIII concentration,

but with more evident deviations particularly on days 7 and 9. Compared to the one pool FeII model, which showed nearly linear

FeII accumulation and slightly tighter agreement with observations across temperatures, the FeIII only formulation exhibits285

greater deviations at higher temperatures. This likely occurs because HCl-extractable FeIII represents a mixed Fe pool that does

not uniquely correspond to the reactive FeIII phases available for microbial reduction (Hyacinthe et al., 2006) and therefore

introduces more uncertainty in the representation of the reducible Fe pool (Slotznick et al., 2020). In contrast the one pool

FeII model is better constrained by independently measured citrate–ascorbate SRO-Fe, which more directly represents the pool

of highly reactive Fe minerals available for microbial reduction. Overall, the agreement between modeled and observed data290

across all three temperatures indicates that the model captures the temperature dependence of FeIII dynamics, although with

deviations at higher temperatures as also found for the one pool FeII model.

The posterior probability density function (PDFs) of rRED again shifts clearly towards higher values as temperature increases

(Figure 2b, c), reflecting a positive temperature dependency. In contrast, the PDFs of KRED do not exhibit a clear trend. While

the distribution at 33 ◦C shifts towards higher values, the distributions at 23 and 27 ◦C show significant overlap. This pattern295

indicates that the temperature dependence of the half saturation constant is more evident at higher temperatures. It should

be emphasized that parameter uncertainty (i.e., spread of the distribution) is larger at 33 ◦C for both kinetic paramaters. In

contrast, the one pool FeII model exhibited relatively stable KRED values across temperatures with narrower distributions,

suggesting better parameter identifiability when FeII accumulation is used to constrain kinetics.

For the reaction rate rRED, the fitted value of Q10 is 1.77 (Figure 2d). The model provides a great fit to the data, with300

an R2 value of 0.952. The Arrhenius model also demonstrates a good correlation, with an estimated activation energy for

this process is 43.03 kJ mol-1, with R2 value of 0.948 (Figure 2d). Similarly, for KRED, the fitted Q10 value was obtained

as 1.58, indicating the lower temperature dependency compared to rRED with lower R2 value (0.705). The activation energy

is lower (33.93 kJ mol-1) with lower R2 value (0.691) compared to rRED. By contrast, the one pool FeII model indicated

minimal temperature dependence and stronger consistency across temperatures. Overall, both Q10 and Arrhenius models are305

able capture the increasing trend of rRED and KRED with temperature (although rRED shows slightly more dependence on

temperature), reinforcing the temperature dependence of the reduction process.

3.4 Fe reduction through the two pool model (FeII and FeIII)

The results of the two pool model can be compared with the observed concentrations of both FeII and FeIII, see Figure 3a.

Overall, the dynamics of both species demonstrate a clear temperature dependence. The FeIII dynamics follow a pattern similar310

to that seen in the one pool FeIIImodel, with faster declines at higher temperatures, indicating enhanced reduction rates. How-
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Figure 2. Temperature-dependent dynamics of the FeIII pool and corresponding model fits. (a) Observed and modeled FeIII concentration

over time at 23 ◦C, 27 ◦C, and 33 ◦C. Solid line represents mean model predictions and shaded regions indicate 95% confidence intervals.

Dots correspond to observed FeIII concentrations at each temperature. Probability density functions (PDFs) of the estimated rate constants

(b) rRED and (c) KRED for FeIII reduction at each temperature. Temperature dependence of (d) rRED and (e) KRED, fitted using the Q10 model

(green line) and the Arrhenius model (red dashed line). Experimental data are shown with error bars. Model parameters and coefficients of

determination (R2) are annotated within each plot.
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ever, while the one pool FeII model shows nearly linear FeII accumulation, the HCl-extracted data show a non-linear increase

in FeII. Because the system is closed, the modeled accumulation of FeII should generally track the reduction of FeIII. However,

a discrepancy is observed at day 12, where the decrease in FeIII is not fully matched by a corresponding increase in FeII. In

particular, the observed FeII concentration reaches 136 mmol/kg, whereas the model does not reproduce this value because no315

additional FeIII reduction is predicted at that time. This mismatch further illustrates that HCl-extractable FeIII only represents a

portion of the pool of microbially reducible FeIII.

The posterior probability density functions (PDFs) of the estimated rate constants (rRED and KRED) provide further insight

into the temperature dependence of FeIII reduction (Figure 3b,c). The non-overlapping PDFs of rRED across temperatures

indicate a strong temperature effect on the reduction rate relative to parameter uncertainty. Similar to the one pool models,320

the spread of the distributions increases with temperature, suggesting greater variability in Fe–C processes under warmer

conditions. The PDFs of KRED also show a clear temperature-dependent shifts, albeit with larger spread.

Temperature-dependence model fits are shown in Figure 3d,e. For rRED, the Q10 model yielded a Q10 value of 1.97 with

an R2 value of 0.989 indicating a stronger temperature dependence. Similarly, the Arrhenius model estimated an activation

energy (Ea) of 51.04 kJ mol-1, higher than in the previous models. A similar pattern was observed for KRED, which showed325

even stronger temperature dependence (Q10 = 2.11 and Ea = 55.90 kJ mol-1). Overall, these results suggest that the two pool

model leads to stronger temperature dependence in Fe reduction than estimated with the one pool models.

3.5 Fe reduction and DOC dynamics through the three pool model (FeII, FeIII and DOC)

The three pool model extends the previous one pool FeIII model and two pool models by incorporating an additional dissolved

organic carbon (DOC) pool alongside the FeII and FeIII pools. This enhancement allows for a more comprehensive represen-330

tation of coupled redox dynamics and organic carbon transformations within the system, although DOC data are not available

for this dataset.

The simulated FeIII concentration gradually declines over time, accompanied by a steady increase in FeII similar to the

two pool model. As Fe reduction proceeds, modeled DOC concentrations also decrease, implying that the release of mineral

associated organic carbon (FeOM)— estimated as proportional to the change in FeIII concentrations through the coefficient335

qmaxfe—does not keep up with the simultaneous microbial DOC uptake. Consistent with the one and two pool models, the

temporal trends in FeIII and FeII clearly reflect temperature dependent reaction kinetics, with the highest rates observed at 33
◦C, followed by 27 ◦C and 23 ◦C. This highlights the strong influence of temperature on both redox transformations and carbon

cycling.

Similar to the previous models, the PDFs of rRED (Figure 4b) shift systematically toward higher values with increasing340

temperature. The clear separation between distributions indicates a strong temperature dependency of rRED, but broader tails,

especially at 27 ◦C and 33◦C, suggest greater uncertainty in parameter estimates, likely due to the added complexity and higher

number of unconstrained parameters (the model extends to DOC dynamics, but without DOC data). In contrast, while the PDFs

of KRED (Figure 4c) also shift rightward with temperature, the distributions show considerable overlap across temperatures. This

overlap suggests that, although there is a trend of increasing KRED with temperature, the uncertainty in KRED can be confused345
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Figure 3. Temperature-dependent dynamics of the FeII and FeIII pools and corresponding model fits. (a) Observed and modeled FeII and FeIII

concentrations over time at 23 ◦C, 27 ◦C, and 33 ◦C. Solid line represents mean model predictions and shaded regions indicate 95% confi-

dence intervals. Dots correspond to observed FeIII concentrations and the cross represents observed FeII concentrations for the temperatures.

Probability density functions (PDFs) of the estimated rate constants (b) rRED and (c) KRED for FeIII reduction at each temperature. Tempera-

ture dependence of (d) rRED and (e) KRED, fitted using the Q10 model (green line) and the Arrhenius model (red dashed line). Experimental

data are shown with error bars. Model parameters and coefficients of determination (R2) are annotated within each plot.
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with the temperature dependence. Together, these patterns demonstrate that the three pool model can capture complex system

behavior but with larger uncertainty than simpler one pool and two pool models. These considerations will be quantitatively

analyzed using appropriate performance metrics below.

For rRED, in line with the two pool model, the Q10 model yielded a value of 2.12 with an R2 = 0.996 (Figure 4d), indicating

strong temperature dependence, with a substantially better fit to the data compared to the one and two pool models. The350

Arrhenius model further supports this trend, estimating an activation energy (Ea) of 56.52 kJ mol-1 with an even higher R2 =

0.998 (Figure 4e). For KRED, a Q10 value of 1.23 and Ea = 15.46 kJ mol-1, provided moderate fits relative to two pool model

(R2= 0.881 and R2 = 0.887, respectively), and indicate lower temperature dependency in line with the one pool models.

3.6 Evaluation of model fit and predictive performance of four models at varying temperatures

WAIC, LPML, LOO and R2 metrics were calculated to assess model performance and its variation across temperatures (23 ◦C,355

27 ◦C, and 33 ◦C) for the one pool (FeII & FeIII), two pool, and three pool models (Figure 5). Predictive performance varied

with temperature across all models. The WAIC and LOO (with lower values indicating better predictive performance), gener-

ally indicated improved model performance at 27 ◦C compared to 23 ◦C for most model structures. For example, the two pool

model showed a decrease in WAIC from 129.51 at 23 ◦C to 87.36 at 27 ◦C and a corresponding decrease in LOO from 106.76

to 79.33. A similar improvement was observed for the three pool model, where WAIC decreased from 161.51 to 85.40 and360

LOO decreased from 116.60 to 71.97 between 23 ◦C and 27 ◦C. Consistent with these trends, the LPML, where higher values

indicate better predictive performance, increased (became less negative) for the two pool model from –67.68 to –45.09 and for

the three pool model from –88.77 to –44.71 over the same temperature range. However, predictive performance deteriorated

markedly at 33 ◦C, particularly for the more complex models. For instance, the two pool model exhibited a sharp increase

in WAIC from 87.36 at 27 ◦C to 484.56 at 33 ◦C and in LOO from 79.33 to 354.07, while LPML declined from –45.09 to365

–230.28. Similar trends were observed for the three pool model. In contrast, the one pool models showed comparatively smaller

changes across temperatures. Overall, our results indicate that model predictive performance is generally strongest at 27 ◦C and

declines substantially at 33 ◦C, particularly for more complex model structures. These trends were mirrored in the R2 values,

where predictive accuracy declined substantially at 33 ◦C for the two and three pool models, dropping from 0.94 and 0.93 to

0.75 and 0.72, respectively, whereas it remained relatively high with R2 of 0.93 for the one pool FeIII model and 0.97 for one370

pool FeII model at 33 ◦C.

Overall, the Bayesian fit metrics consistently favored both the one pool models with higher fit for one pool FeII model across

all temperatures. This likely reflects both its ability to fit the data as well as its lower effective complexity and uncertainty.

The two and three pool models, on the contrary, showed good fit at lower temperatures only, with uncertainty increasing375

significantly at higher temperatures. These findings suggest that, while the more complex models may better capture dynamic

redox behaviors under certain conditions, more data are necessary to constrain the additional parameters and leverage their

potential without increasing uncertainty.
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Figure 4. Temperature-dependent dynamics of the FeII, FeIII and DOC pools and corresponding model fits. (a) Observed and modeled FeII

and FeIII concentrations and modeled DOC concentrations over time at 23 ◦C, 27 ◦C, and 33 ◦C. Solid line represents mean model predictions

and shaded regions indicate 95% confidence intervals. Dots correspond to observed FeIII concentrations and the cross represents observed

FeII concentrations for the temperatures. Probability density functions (PDFs) of the estimated rate constants (b) rRED and (c) KRED for FeIII

reduction at each temperature. Temperature dependence of (d) rRED and (e) KRED, fitted using the Q10 model (green line) and the Arrhenius

model (red dashed line). Experimental data are shown with error bars. Model parameters and coefficients of determination (R2) are annotated

within each plot.
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Figure 5. Comparison of model performance metrics across three temperatures (23°C, 27°C, and 33°C) for one, two, and three pool model.

(a) WAIC, (b) LPML, (c) LOO, and (d) combined (FeII and FeIII) coefficient of determination (R2) values. Green arrows on the y-axis indicate

the direction of improved performance.

4 Discussion and Implications

4.1 Temperature dependence of Fe reduction380

In Fe-rich humid tropical soils, such as the those in the Luquillo Experimental Forest (Bhattacharyya et al., 2022; Barcellos

et al., 2018b; Gross et al., 2018), warming may influence SOC decomposition through several pathways, one of which is

temperature-dependent Fe reduction. By combining experimental data with models of Fe reduction, our analysis confirms

the strong dependence of FeIII reduction dynamics on temperature during anoxic conditions. The experimental results clearly

highlight the impact of temperature on the temporal evolution of FeIII and FeII, with faster reduction at higher temperature.385

Reduction rate coefficients ranged from about 6 mmol kg-1d-1 at 23 ◦C to about 19 mmol kg-1d-1 at 33 ◦C, broadly in line

with rates observed in previous slurry experiments with similar valley soils (1.68 to 23.28 mmol kg-1d-1) (Ginn et al., 2017;

Barcellos et al., 2018a; Tishchenko et al., 2015; Calabrese et al., 2020).

The temperature dependence of Fe reduction kinetics varied depending on the selected model, increasing, for example, from

Q10 = 1.51 (and Ea = 30.83 kJ mol-1) for the one pool FeII model to Q10 = 2.12 (and Ea = 56.51 kJ mol-1) for the three pool390

model. The observed Q10 values for Fe reduction (1.51–2.12) fall within the range commonly reported for other microbial

processes (1.5–2.5) under mesophilic temperature ranges (10–40 ◦C) (Davidson and Janssens, 2006; Conant et al., 2011). Our

18

https://doi.org/10.5194/egusphere-2026-2111
Preprint. Discussion started: 22 April 2026
c© Author(s) 2026. CC BY 4.0 License.



estimates are also within the range of microbial growth Q10 values observed across latitudes, ranging from 1.15–1.73 in Arctic,

0.89–2.47 in Boreal, 0.92–2.01 in Temperate, and 1.14–2.55 in Tropical regions (Wang et al., 2021; Balser and Wixon, 2009),

where geographic patterns in Q10 may arise not only from abiotic environmental differences, but also from shifts in dominant395

microbial taxa (Wang et al., 2021). Comparable temperature dependencies have also been observed for other anaerobic redox

pathways—including nitrate, sulfate, and FeIII reduction—where microbial activity and electron-transfer kinetics are closely

linked to thermodynamic constraints (Jin and Bethke, 2007; Bethke et al., 2011).

Although these comparisons indicate that Fe-reducing microorganisms respond to temperature in ways consistent with other

enzymatic soil processes, fully evaluating their impact on microbial respiration and SOC turnover necessitates quantifying400

CO2 fluxes and distinguishing contributions from aerobic versus anaerobic pathways in field conditions where they may be

competing for substrate (Lovley, 1991; Nealson and Saffarini, 1994; Kuzyakov, 2006). Moreover, since Fe can promote SOC

decomposition under anoxic conditions yet facilitate SOC stabilization under oxic conditions, predicting the net effect of

warming on SOC dynamics demands accounting for concurrent shifts in soil moisture regimes that regulate the alternation

between oxic and anoxic states (Sierra et al., 2015; Bhattacharyya et al., 2018).405

4.2 Balancing model complexity and uncertainty in Fe redox modeling using Bayesian calibration

Our analysis demonstrated how the temperature dependency is also a property of the selected model—not only of the specific

biogeochemical reaction being considered. The appropriate model depends on the specific application and can be selected

based on performance metrics that consider uncertainty and complexity to balance process representation with data availability

(Feng, 2020). Structural choices can in fact affect apparent system sensitivity, as shown by Bonan et al. (2019), suggesting that410

some of the observed temperature dependency may result from model structure, not solely from underlying reaction kinetics.

In this regard, the Bayesian framework provided a transparent, flexible, and uncertainty-aware approach for calibrating com-

peting model structures and evaluating their performance, partially addressing equifinality and parameter non-identifiability

challenges common in biogeochemical modeling (Tang et al., 2024; Tang and Zhuang, 2008; Marschmann et al., 2019).

Posterior distributions of key kinetic parameters (e.g., rRED, KRED) revealed how different models capture system behavior415

and the degree to which each parameter is constrained within our short-term anoxic incubations. This is evident from the

emergent Fe reduction kinetics, illustrated in Figure 6 (horizontal and vertical dashed lines indicate rRED and KRED, respectively,

at each temperature). Interestingly, the kinetics are more clustered for the one pool FeII model, where a significant increase in

the reduction rate is observed only at 33 ◦C (lower Q10). As the model complexity increases, Fe reduction rates become more

distinct as temperature varies from 23 ◦C to 33 ◦C (higher Q10), although with considerably larger uncertainty, as evident from420

the confidence bands, and confirmed by the performance metrics (Figure 5).

Among our four selected models, our performance metrics consistently pointed to the one pool FeII model as the most

reliable (good fitting, lower parameter uncertainty) for capturing Fe reduction dynamics across the three temperatures. By

contrast, the three pool model improved the representation of redox dynamics, but parameter uncertainty remained high. This

result is highly dependent on the selected candidate models as well as the available data. A higher temporal resolution dataset425

or a more complete dataset in terms of quantities being measured could favor a more complex model. These observations
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align with broader insights from carbon-cycle modeling, where the balance between model complexity and data constraints is

a key consideration (Famiglietti et al., 2021). Increased structural detail improves predictions only when parameters are well

informed by data (Famiglietti et al., 2021), while excessive complexity can increase uncertainty (Malmborg et al., 2024). These

insights are particularly valuable for modeling redox processes in humid tropical soils, where historical data are often sparse and430

environmental conditions fluctuate rapidly. Incorporating additional observations (such as DOC concentrations or CO2 fluxes)

into future Bayesian calibration efforts could further enhance the predictive power and generalization of mechanistic redox

models across diverse ecosystems, especially to confidently predict all the Fe-SOC interactions modulating SOC stabilization

and mineralization.

4.3 Limitations and future research435

Our model-data integration allowed us to estimate the temperature dependence of Fe reduction under constant anoxic con-

ditions for a ‘short’ 12-day incubation period. However, short-term observations may not reflect long-term dynamics. Over

extended timescales, microbial communities can adapt to sustained warming (Oechel et al., 2000; Min et al., 2019), which

might potentially alter their metabolic efficiency and Fe redox behavior. Shifts in microbial composition and the temperature

dependency of heterotrophic respiration have been widely studied in different regions (Romero-Olivares et al., 2017; Carey440

et al., 2016; Luo et al., 2001), but research in humid tropical regions remains limited in terms of Fe-reducing microorganisms.

Investigation of changes microbial community compositions, in particular Fe reducers, and emergent traits in soils exposed to

long-term warming (for example, from long-term warming experiments, such as SWELTR, Panama (Nottingham et al., 2020)

and TRACE, Puerto Rico (Kimball et al., 2018; Wood et al., 2025)) may shed light into changes in temperature dependence

over time.445

Well-structured forest soils often exhibit substantial biogeochemical heterogeneity, with diverse microsite conditions coex-

isting within the soil matrix (Parkin, 1987; Hall and Silver, 2013). Incubating soil slurries, as done in our study, disrupts this

structure and homogenizes biogeochemical conditions (Kuzyakov, 2006; Hall and Silver, 2013), thereby removing a source

of variability that would be difficult to control experimentally or represent in models. Under these homogenized conditions,

reactions proceed in an idealized, well-mixed environment, enabling us to estimate potential reaction rates. Assessing actual in450

situ rates, however, would require an experimental design that can preserve a degree of soil heterogeneity while still ensuring

repeatability and reproducibility, as demonstrated in previous studies examining redox-driven processes, including microbial

community responses (Pett-Ridge and Firestone, 2005), nitrogen cycling dynamics (Pett-Ridge et al., 2006), CO2 respiration

from litter and soil organic matter (Lin et al., 2021), and iron-mediated DOC stabilization and release (Bhattacharyya et al.,

2018).455

5 Conclusions

Using a Bayesian model-data integration, we estimated the temperature dependence of Fe reduction rates under anoxic and

biogeochemically homogeneous (slurry) soil conditions for humid tropical soils from Luquillo Experimental Forest, Puerto
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Figure 6. Relationship between FeIII concentration and modeled FeIII reduction rate (RED) for the one, two, and three pool models across

three temperatures (23, 27, 33 ◦C). Solid lines represent mean RED curves generated from posterior parameter samples, with shaded regions

indicating 95% confidence intervals. Dashed horizontal lines represent the maximum rate constants (rRED) for each temperature, while dashed

vertical lines mark the corresponding half-saturation constants (KRED). Panels (a-d) illustrate the increasing separation among temperature

responses and broader dynamic range in RED with increasing model complexity.
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Rico. Across three different incubation temperatures, Fe reduction rates were clearly temperature dependent with microbial

metabolic process Q10 values near 1.5 and Ea of ∼ 31 kJ mol-1. Since estimates of temperature dependence varied with model460

structure, our analysis emphasized the importance of uncertainty in selecting the appropriate model. Bayesian metrics favored

the simplest, one pool FeII model for the data available from our experiments. Importantly, our soil slurry approach minimized

diffusion constraints and microsite heterogeneity, allowing isolation of intrinsic kinetic controls on Fe reduction. However, this

approach may overestimate microbial access to resources and suppress the diversity of process rates that are supported by soil

structural heterogeneity. Overall, These results provide a robust baseline for understanding temperature regulation of Fe redox465

processes and establish a foundation for extending analyses to more heterogeneous soil systems where physical constraints,

such as diffusion limitations, along with spatially heterogeneous distribution of oxygen, substrates and microbial functionality,

may modulate apparent temperature responses.
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