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Abstract. Soil organic carbon (SOC) immobilisation and sequestration have been found to be influenced by a wide range of 

environmental factors, notably the climate, stand characteristics, and soil properties. Recent research has suggested that some 

soil properties traditionally regarded as major predictors of SOC stocks (e.g. clay content) may be less influential than those 15 

pH–dependent, reactive constituents, including crystalline aluminium (Al) and iron (Fe) oxides, and basic cations. However, 

these soil properties have rarely been considered for explaining large-scale variation in SOC storage. Here, by taking the 

advantage of the RENECOFOR network double forest soil inventory at a 15–year interval over the French European 

territory, we investigate how both SOC storage and its temporal dynamics vary as a function of climate, stand characteristics, 

and soil properties. Furthermore, we used Rock-Eval® (RE) thermal fractionation to identify descriptors correlated with 20 

proxies of SOC biogeochemical stability, in particular the hydrogen index (HI – hydrocarbon proportion of SOC) and T50 

CO2 PYR (thermal stability indicator positively correlated to SOC biogeochemical stability). While the effect of the cations 

only occurred when pH ≥ 5, the metal oxides increased SOC for both pH ≥ 5 and pH < 5 groups. These effects were also 

identified on the thermal stability of C (T50 CO2 PYR) for the 0–10 and 10–20 cm soil layers. No unequivocal relationship 

was found between HI and soil properties. When considering reactive soil constituents, clay content played a limited role in 25 

explaining variations of SOC and RE metrics. While HI was lower in coniferous forests, there was no other clear effect of 

climate nor stand characteristics. Regarding the C dynamics, only the 0–10 cm layer showed sufficiently high variations to 

be confidently analysed. For this layer, the expected variables (e.g. temperature or litter input) did not explain any of the 

variations of SOC or RE metrics. However, the composition of SOC, through tree species or HI, had an influence on the 

SOC dynamics, with lower SOC variation the more the carbon was labile. Additionally, the variation of SOC was highly 30 

influenced by the dynamics of holorganic layers, with a decrease of SOC content variation with an increase of the change of 

forest floor stock. Our results highlight the generally stronger role of soil factors than climatic or stand ones in explaining 
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large-scale variation in forest SOC storage, largely due to the inclusion of refined soil geochemical properties beyond clay 

content. 

 35 

Short summary. Recent research on soil organic carbon pointed out the influence of soil properties which effect may vary 

given the soil pH: basic cations and reactive metals content. These variables were found to be influential on soil organic 

carbon, but also on the thermal stability of carbon, reflecting its lability. However, the dynamics of carbon at decadal scale 

were more likely influenced by its own properties rather than soil and even climate in temperate forest stands. 

1. Introduction 40 

Soil is the largest terrestrial carbon (C) pool, being a larger stock than the atmosphere and plant biomass combined 

(Friedlingstein et al., 2025). Furthermore, forest soils harbour larger C–stock per surface than other biomes (Jobbágy and 

Jackson, 2000), but soil carbon is susceptible to anthropogenic activities and is vulnerable to decomposition driven by 

climate change and temperature increase (Karhu et al., 2010; Lugato et al., 2021). Forest soils can either act as a C sink or as 

a source, therefore reducing or exacerbating greenhouse gas emissions (Baldocchi et al., 2018). Forests exhibit important 45 

variations in local conditions and soil properties (Osman, 2013), while being a relatively stable ecosystem on a century-long 

timescale (Beillouin et al., 2023), making this land use particularly appropriate to identify the factors influencing forest soil 

organic carbon (SOC). Understanding the drivers of variation in forest SOC storage is essential to improve predictions of the 

terrestrial biogeochemical cycles and to develop effective forest management strategies to enhance C sequestration under 

global changes. Despite its importance, the biotic and abiotic drivers of variation in forest SOC storage remain poorly 50 

understood, resulting in substantial uncertainty in predictions of forest SOC dynamics (Guidi et al., 2025; Mao et al., 2019). 

As in other terrestrial ecosystems, changes in forest SOC are determined by the balance between C input and loss. Below- 

and above-ground plant residues, alongside other sources of inputs, such as root exudates and hyphae, is a primary source of 

fresh C input for SOC formation (Dignac et al., 2017; Ouimette et al., 2020). In forests, litter typically refers to dead leaves, 

branches of different sizes, coarse and fine roots, and other organs (e.g. fruits and barks), which may differ in quantity and 55 

quality, such as size, shape, and structural and biochemical traits (Mao et al., 2019). These traits modify the decomposition 

rate of organic matter (Vávřová et al., 2009; Wang et al., 2022) via the interactions with decomposers communities that 

depolymerise organic residues (Strickland et al., 2009). Decomposer activity mineralising soil organic matter, leaching of 

dissolved compounds and soil erosion are responsible for C loss. This leads to a vertical stratification of SOC, with its 

content decreasing and carbon age increasing with depth (Balesdent et al., 2018; Jobbágy and Jackson, 2000), and this 60 

relationship depends on the soil nature (Mathieu et al., 2015). Furthermore, the predictors of SOC stocks vary with depth: 

SOC located in the surface layers has been found to be more influenced by climatic factors and tree species than SOC in 

deeper layers (Dawud et al., 2016; Jobbágy and Jackson, 2000), while the effects of soil properties are more prevalent in 

subsoils (Jobbágy and Jackson, 2000; Reichenbach et al., 2021). 
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Air temperature and precipitation are widely used as proxies to represent pedoclimatic conditions, because large scale data 65 

on soil temperature and moisture are often limited due to their strong intra annual variability and high cost of data collection 

and monitoring (Liski et al., 2003; Zhang et al., 2015). Soil properties, including texture, cations content, or pH, play a key 

role in SOC by modifying the stabilisation processes. Clay content (particles < 2 µm), alone or along silt (> 2 µm and 

< 200 µm), has been found to drive positively the C content (Hassink, 1997), and is widely used to control C dynamics in 

predictive models (e.g. CENTURY, Millennial, RothC models – Parton et al., 1987; Abramoff et al., 2018; Coleman et al., 70 

2024). But the clay fraction comprises a large variety of minerals (Kleber et al., 2015), and the interaction of organic matter 

and mineral phases depends on the nature of the clay minerals and OM Bölscher et al. (2025). Clay-sized minerals are 

mainly composed of phyllosilicates organised in layers (and possibly other aluminosilicates) and by metal oxides and other 

oxides at a lesser degree (Ito and Wagai, 2017; Kleber et al., 2021). The scientific community has also recently 

acknowledged that it is important to go “beyond clay” to predict SOC content (Rasmussen et al., 2018). Indeed, metal 75 

cations such as aluminium (Al) and iron (Fe) can protect carbon either in adsorption complexes, coprecipitates, or short-

range ordered (SRO) minerals. These above two types of organomineral associations reduce SOC accessibility to microbes 

and enhance its persistence with time (Lavallee et al., 2020). At the continental scale, von Fromm et al. (2021) showed 

oxalate-extractable aluminium and iron (Alo, Feo) and exchangeable calcium (Caex), along other soil characteristics, are as 

important as climate to explain soil organic carbon content in sub-Saharan Africa. These relationships between C content and 80 

oxalate-extracted metals have also been observed at a more local scale (Kleber et al., 2005). pH regulates these associations 

by affecting soil solution chemistry (Desie et al., 2021). In acid soils, organic matter is mainly in association with Al and Fe 

in short-range ordered mineral-organic matter complexes, while in more alkaline soil conditions, organic matter is more 

associated with phyllosilicate with basic cations (i.e. Ca2+ and Mg2+) involved in the bridging of organic matter to mineral 

surfaces (Kleber et al., 2015; Rasmussen et al., 2018). 85 

Among studies investigating SOC, most in situ experiments focused on the drivers of C–stocks or content, and not on their 

variation. Some have explored how SOC dynamics are controlled at the decadal to centennial timescale, but they have either 

focused on land use change (Schiedung et al., 2025), on climate effect without considering soil characteristics (Chen et al., 

2023), or made in experimentations (Bramble et al., 2024). These studies have shown that SOC changes at decadal to 

centennial timescale are mainly linked to the carbon pools with short (a few years to a few decades) mean residence times 90 

(Schiedung et al., 2025). Furthermore, stand characteristics and soil properties may influence carbon sequestration – with 

higher SOC accumulation in coniferous stands in goethite clay type (Bramble et al., 2024). Ten years ago, Jonard et al. 

(2017) investigated the drivers of SOC stock on the 102 sites of the RENECOFOR monitoring network, which is the French 

node of the International Co-operative Programme on Forests network (ICP Forests). The RENECOFOR network covers a 

wide range of soils and of tree species, in which the soil organic carbon has been sampled once up to 1 m and twice at a 15–95 

year interval for three soil depths (0–10, 10–20, and 20–40 cm), alongside other geochemical properties. In their analyses, 

Jonard et al. (2017) found that no soil property was linked to SOC stock variation using variable selection. The main 

explaining factors was the age of the stand, which decreased the sequestration rate, and the management practices, uneven-
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aged sites sequestrating more C than even-aged stands. Nevertheless, reactive metals were not explicitly included in their 

analyses. We argue that these omissions may have limited the identification of key soil drivers, as well as the assessment of 100 

their relative importance compared with climate and stand-related drivers, in explaining variation in forest SOC storage. 

Moreover, forest C storage is susceptible to storm disturbances (Mayer et al., 2023). The inclusion of storm-disturbed 

RENECOFOR plots in the original analyses may have weakened the statistical diagnoses regarding the relationships 

between SOC storage and its drivers. 

Given recent advances in our understanding of SOC stabilisation in mineral soils, we aimed at reanalysing this substantial 105 

dataset, but with a renewed approach: (i) we performed a site selection, removing those which have been disturbed by 

storms; (ii) we investigated the C–content rather than the stock, considering that bulk density would have blurred some 

relationships (Yang et al., 2022); (iii) we focused on mineral soil, integrating in our models several properties regulating 

SOC content and dynamics has recently been highlighted; (iv) we chose an a priori set of explanatory variables, and we 

expected to identify some effects that would have been masked by other variables. Furthermore, new chemical metrics were 110 

described to better characterised SOC, using Rock-Eval® 6 thermal analysis (Barré et al., 2024) which can quantify the 

proportion of poorly decomposed OM assessed by the ratio of hydrocarbons to TOC (Hydrogen Index – HI) and the thermal 

stability of SOC assessed by the temperature at which 50 % of the CO2 has been emitted during the pyrolysis ramp of the 

Rock-Eval® methodology (T50 CO2 PYR). HI is linked to the degree of decomposition of SOM, with highest values observed 

in fresh or less decomposed SOM (Saenger et al., 2013), while high values of thermal stability as determined by T50 CO2 115 

PYR are linked to a greater biochemical stability (Cécillon et al., 2021) which may be arise from organomineral bonds 

(Schulten and Leinweber, 1993). We analysed the values of each of these variables (SOC content, HI, and T50 CO2 PYR) for 

each layer depth (0–10, 10–20, and 20–40 cm) at the second sampling campaign, and their annual variation in a 15–year 

interval. 

Our overall hypotheses are as follows: 120 

(H1) the soil properties which will mainly explain SOC content are reactive metals for lower pH soils, and basic cations 

(Ca2+ and Mg2+) and clay for higher pH soils; 

(H2) the effect of climate and stand characteristics on SOC content are higher in surface layers, with reducing influence with 

depth. On the contrary, soil properties have a greater effect in deeper layers; 

(H3) the amount of poorly decomposed carbon, using HI as proxy, is mainly impacted by climate and forest variables (such 125 

as mean annual temperature, functional group of the main tree species, etc.), while the more stable C, represented by higher 

T50 CO2 PYR values, is more dependent on soil properties (such as clay content, reactive metals, etc.); 

(H4) the decadal changes in SOC content, HI and T50 CO2 PYR over a decade are less affected by soil properties and mainly 

regulated by stands characteristics and climate. 
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2. Material and Methods 130 

2.1 RENECOFOR dataset and site selection 

This monitoring network consists of 102 forest stands distributed across European France and belongs to ICP-Forest 

European network (Ulrich, 1995). The stands were representative of the country variability in terms of soil type (mainly 

Cambisol, Luvisol, and Podzol – IUSS Working Group WRB, 2022) and tree species, with seven coniferous species: silver 

fir (Abies alba Mill.), European larch (Larix decidua Mill.), Norway spruce (Picea abies (L.) H.Karst.), Corsican pine (Pinus 135 

nigra Arn. subsp. laricio (Poir.) Maire var. corsicana (Loudon) Hyl.), maritime pine (Pinus pinaster Aiton), Scots pine 

(Pinus sylvestris L.), Douglas fir (Pseudotsuga menziesii (Mirb.) Franco), and three broadleaf species: European beech 

(Fagus sylvatica L.), sessile oak (Quercus petraea (Matt.) Liebl.), and European oak (Quercus robur L.). Most stands were 

in a mature state at the beginning of the monitoring, in the early 1990s, and sustained typical forestry management in France, 

mainly regular thinning. 5,000 m2 of the stands was isolated by a fence, where the soil sampling was carried out during two 140 

campaigns: in 1993–1995, and in 2007–2012, with an average time span of 16.3 years, and around the same period of the 

year for a given site. 

Eighty sites were selected from the RENECOFOR network (Figure 1), as we excluded stands which were highly disturbed 

before or during the monitoring period. Natural disturbances might greatly impact the SOC stock, notably after windthrow 

(Mayer et al., 2023), and consequently, change the usual C dynamics. Therefore, we chose to exclude the stands which 145 

sustained more than 50 % reduction in basal area between two inventories, either from natural disturbance or logging, 

representing 13 stands. We also removed sites whose soil had been perturbed prior to the monitoring, those with incomplete 

soil analyses, and those with high vegetation differences between the inside and outside of the fence, indicating high 

ungulate or wild boar activity (respectively, three, two, and three stands were removed for these criteria). Furthermore, we 

did not include a unique Andosol site, having high contents of Alo and Feo compared to the other sites, as done by Hall and 150 

Thompson (2022). 
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Figure 1: Location of the 80 selected forests stands from the RENECOFOR monitoring network. The 11 main trees cover 

considered are shown, the seven first ones being conifer species, while the four last are broadleaf species. Background map under 

the ODbL licence, credits to the OpenStreetMap contributors. 155 

2.2 SOC content, dynamics and pools 

For each site, three soil layers depths (0–10, 10–20, and 20–40 cm) and the forest floor layers were sampled at each 

campaign in five subplot. Each subplot consisted of five sampling points, which were pooled into a composite sample for the 

soil properties analyses (Jonard et al., 2017). The holorganic layers were sampled using a 30×30 cm frame, and the mineral 

layers by digging a 50×50 cm hole. The carbon stock of the forest floor layer was also characterised but only used as an 160 

explanatory variable (see Section 2.3). 
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The samples used for chemical analyses were oven-dried at 35 °C for 24 h. The samples of the forest floor were grinded 

before performing the chemical analyses, while the mineral soil samples were sieved to < 2 mm. The chemical analyses were 

performed at the Laboratory of Soil Analyses (INRAe Arras, France). Soil samples with pH CaCl2 > 6 were decarbonated 

following Harris et al. (2001) prior to the measurement of organic carbon content. The samples were treated by dry 165 

combustion (Dumas method – NF ISO 10694, 1995) for forest floor and 0–10 cm soil layers, and by sulfochromic oxidation 

(Anne method – Anne, 1945; NF X31-109, 1993) for the 10–20 and 20–40 cm soil layers. 

For each site, the soil from the five sub-plots per layer has been isovolumetrically pooled for the Rock-Eval® 6 turbo device 

analysis (Vinci Technologies, France) at ISTeP – UMR 7193 (Sorbonne Université, Paris, France). The Rock-Eval® 

procedure to assess the fraction of labile and stable C was presented by Soucémarianadin et al. (2018) and was applied to 170 

samples from both soil sampling campaigns. It was adapted from Behar et al. (2001), Disnar et al. (2003) and Baudin et al. 

(2015) for soil samples. For each sample, about 60 mg of ground and dried soil was placed in a stainless-steel pod. As a first 

step, it underwent a pyrolysis in a N2 atmosphere during 3 min at 200 °C, and raised at an increase of 30 °C·min-1 up to 

650 °C. Both the gaseous emissions of hydrocarbon compounds and CO and CO2 emissions were monitored respectively by 

a flame ionisation detector and an infrared detector. The second step consisted of an oxidation at laboratory air atmosphere 175 

(CO2 and H2O previously removed), heated during 1 min at 300 °C, and raised at an increase of 20 °C·min-1 up to 850 °C, at 

which the sample remained during 5 min. The CO and CO2 emissions were again continuously monitored during this phase 

with an infrared detector. The Rock-Eval® analysis led to more than 30 measured or estimated parameters, and we used two 

of them which are of particular interest to proxy the labile and stable organic carbon (Cécillon et al., 2021; Delahaie et al., 

2023). The former, associated with the labile organic carbon, is the hydrogen index (HI), which corresponds to the quantity 180 

of hydrocarbons released between 200 and 650 °C on the total organic carbon estimated by Rock-Eval®, expressed in 

mg HC·g-1 TOC. The second parameter used as a proxy of SOM stability, T50 CO2 PYR, is the temperature corresponding to 

the evolution of 50 % of the total amount of CO2 evolved during the pyrolysis phase. Reproducibility and accuracy of Rock-

Eval® parameters published by Pacini et al. (2023) were verified by analysing a reference sample every 10 tests and by 

performing duplicate analyses at random. 185 

We tested our hypotheses (H1), (H2) and (H3) on SOC content drivers only on data from the second campaign, as some soil 

properties needed to validate our hypotheses were not estimated during the first campaign (see Section 2.3). SOC content 

rather than the SOC stock was examined, to avoid introducing the uncertainty related to soil bulk density and stone content 

measurement that would blur the relationships (Yang et al., 2022). As the Rock-Eval® analyses were performed on pooled 

samples, we averaged other data available for each of the five subplots per site and soil depth to carry out the statistical 190 

analyses. 

The annual changes were calculated by dividing the changes in stock levels by the time interval between the two sampling 

dates, as C variation: ΔC =
Ccampaign2−Ccampaign1

Time
. 
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2.3 Climatic, forest and soil characteristics 

Twelve variables were included to correlate with SOC content and dynamics (Table 1): two climatic variables, five forest 195 

stand variables and five soil variables. Climatic variables refer to the mean annual temperature (in °C) and precipitation (in 

dm·year-1), which were available for each site using the nearest Météo-France stations having a comparable altitude (average 

distance from site ± standard deviation: 18.4 ± 9.7 km). 

Each site was assigned a tree functional type (broadleaf versus conifer) according to the dominant species of each site 

(Figure 1). Regular litter inputs from the canopy (e.g. leaves, small branches, and a miscellaneous category, including fruits, 200 

buds and bark) were collected four times per year in 10 traps of 0.5 m2 arranged on a 20×20 m grid, between the beginning 

of the monitoring, and depending on the site, up to 2007 or to the date of the second soil sampling campaign. Following the 

methodology used by Mao et al. (2019) working on the same dataset, the carbon amount from litter inputs was estimated 

using the carbon content of the plant organ measured in 1996–2000 or in 2009–2010. Regular inputs from fine roots were 

considered similar to that from leaves with a fixed ratio of 1:1 for both broadleaf and coniferous stands as done by Mao et al. 205 

(2019). Besides regular input from aboveground organs and fine roots, we further estimated irregular litter inputs due to 

thinning and minor storms, including coarse branches and coarse roots from the available information from tree inventories 

for each site, calculating the coarse roots carbon inputs using the ratios presented in Cairns et al. (1997). 
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Table 1: Description of climatic variables, stand characteristics and soil properties tested as driver of SOC content, hydrogen 210 
index and T50 CO2 PYR as well as driver of change in SOC at the decadal time scale. Mean, standard deviation and range of values 

for the 80 forest plots selected from the RENECOFOR network, after removal of plots affected by disturbances. 

Variables available at the stand level 

Category Variable Mean ± SD [Min - Max] Unit 

Climate 
Mean annual temperature (MAT) 10.06 ± 1.97 [4.62 - 13.8] °C 

Mean annual precipitation (MAP) 9.83 ± 3.04 [5.75 - 21.66] dm·year-1 

Stand 

Functional group Broadleaf (n = 41) or Conifer (n = 39)   

Regular litter 0.35 ± 0.07 [0.16 - 0.50]  kg·m-2·year-1 

Irregular litter 0.13 ± 0.07 [0.00 - 0.31]  kg·m-2·year-1 

Forest floor carbon stock 1.18 ± 1.16 [0.13 - 6.05]  kg·m-2 

Annual stock variation of the forest floor 8.95 ± 29.21 [-50.5 - 134] g·m-2·year-1 

Variables available at each soil depth 

Category Variable 0–10 cm 10–20 cm 20–40 cm Unit 

Soil 
properties 

pH 
4.74 ± 0.88 [3.72 - 
8.36] 

4.93 ± 0.92 [4.06 - 
8.70] 

5.20 ± 1.07 [4.11 - 
8.97] 

  

Number of sites by pH group 
pH < 5: 59; pH ≥ 5: 
21 

pH < 5: 59; pH ≥ 5: 
21 

pH < 5: 58; pH ≥ 5: 
22 

 

Clay proportion 
19.57 ± 11.68 [0.1 - 
51.9] 

18.48 ± 11.76 [0.1 - 
55.6] 

19.11 ± 13.27 [0.1 - 
68.0] 

% 

Ca2+ + Mg2+ content 5.75 ± 9.60 [0 - 52.8] 4.56 ± 9.26 [0 - 48.6] 
4.91 ± 9.87 [0 - 
44.7] 

cmol+·kg-1 

Alo + 0.5 Feo content 
4.64 ± 3.23 [0.12 - 
13.9] 

5.25 ± 3.85 [0.10 - 
18.9] 

5.39 ± 4.04 [0.16 - 
20.7] 

g·kg-1 

Alo content 2.46 ± 1.98 [0 - 9.71] 2.92 ± 2.43 [0 - 12.1] 
3.19 ± 2.78 [0 - 
16.0] 

g·kg-1 

Feo content 
4.35 ± 3.09 [0.06 - 
12.6] 

4.65 ± 3.46 [0.09 - 
15.9] 

4.38 ± 3.14 [0.08 - 
15.0] 

g·kg-1 

Mean total SOC content 
50.57 ± 28.93 [8.14 - 
180] 

24.32 ± 15.73 [1.72 - 
79.9] 

15.17 ± 11.62 [1.28 
- 53.7] 

g·kg-1 

Mean Hydrogen Index 294 ± 81 [114 - 445] 241 ± 81 [88 - 435] 183 ± 59 [78 - 421] 
mg HC·g 
TOC-1 

T50 CO2 PYR 368 ± 10 [348 - 400] 378 ± 8 [355 - 406] 384 ± 8 [372 - 414] °C 

 

The forest floor layers were identified following the humus classification of Brêthes et al. (1995) and using the three main 

categories: OL – organic layer with mainly untransformed plant remains; OF – layer with fragmented plant remains; and OH 215 

– layer consisted of more than 70 % of fine organic matter. The carbon stock of each layer was obtained by multiplying its 

dry mass relative to the surface area by its organic carbon content, and their stocks were summed. 

Regarding soil properties, particle size measurements have been done by Robinson pipette and underwater sieving without 

removal of carbonates (NF X 31-107, 2003), giving three size fractions (clay: ≤ 2 µm; silt: 2–63 µm; sand: 63–2000 µm). 

Exchangeable Ca and Mg were extracted using a solution of barium chloride at 0.1 mol·l-1 in a 1:10 mass/volume ratio (NF 220 

ISO 11260, 1994), then measured by flame atomic absorption spectroscopy. The oxalate-extracted aluminium (Alo) and iron 

(Feo) were measured with the Tamm method in the dark (NF ISO 22036, 2009). Soil water pH was determined with a glass 

electrode in a solution of 1 volume of soil in 5 volumes of deionised water (NF ISO 10390, 2004). We considered the pH as 

a grouping variable, choosing a threshold at pH 5.0, as Guidi et al. (2025) – with two groups, pH < 5, and pH ≥ 5. It matches 
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the shift between the Al forms, from a majority of Al3+ at pH < 5 to other forms of Al at pH > 5 (Sparks, 2003) and also 225 

integrates the effects faunal and microbial communities (Desie et al., 2021). Furthermore, such pH-based classification 

captures soil functional shift, from an effect of reactive minerals (Alo and Feo) on carbon content at lowest pH, to that of 

exchangeable cations at highest pH (Rasmussen et al., 2018). 

All the soil properties were characterised for each soil layer. As mentioned previously for SOC content, the values of the 

subplots were averaged at the scale of the soil depth and site. Only the data of the second campaign were used for the carbon 230 

content, as some variables, such as Alo and Feo were not available for the first campaign. The reactive minerals were 

expressed as Alo + 0.5 Feo, to consider their difference in molecular weight (Wagai et al., 2020). 

2.4 Statistical analyses 

We performed Bayesian modelling to explore the link between soil storage and abiotic and biotic variables, as in this 

framework, the estimates are valid even for small sample sizes (McElreath, 2020). To identify how carbon content and its 235 

variations over 15 years respond to the selected explanatory variables, we performed generalised linear models. For SOC, HI 

and T50 CO2 PYR, a model was made for each soil depth layer (0–10, 10–20, and 20–40 cm) with 13 explanatory variables 

included (Table 1). Among those, we included the interactions between the pH class and the following three variables: clay 

content, Alo + 0.5 Feo content, Ca2+ + Mg2+ content, as the effect of these variables was expected to be strongly conditioned 

by the pH. All continuous explanatory variables were normalised following 
𝑥𝑖−𝑥‾

𝜎
, with 𝑥‾ and 𝜎 the average and standard 240 

deviation of 𝑥. 

2.4.1 Observed values of SOC, HI, and T50 CO2 PYR 

We chose a Beta distribution for SOC content and HI, as shown in Eq. (1), as these variables can be expressed as proportions 

bounded between 0 and 1 (kg C·kg-1 soil and g HC·g-1 TOC respectively) and transformed with a logit link: logit(𝑦) =

log (
𝑦

1−𝑦
). The Beta distribution is defined as 𝑓(𝑦) =

𝑦𝛼−1(1−𝑦)𝛽−1

ℬ(𝛼,𝛽)
, with 𝛼 = 𝜇 × 𝜙 and 𝛽 = (1 − 𝜇) × 𝜙, where 𝑦 is the 245 

response variable, 𝑓 the density function, 𝜇 the mean, 𝜙 a positive precision parameter, and 𝐵 the beta function, defined as 

ℬ(𝑎, 𝑏) =
Γ(𝑎)Γ(𝑏)

Γ(𝑎+𝑏)
, with Γ is the gamma function – Γ(𝑛) = (𝑛 − 1)!. 

The Bayesian models are described as: 

C-content𝑖 or HI𝑖 ∼ Beta(𝛼𝑖, 𝛽𝑖)
𝛼𝑖 = 𝜇𝑖 × 𝜙
𝛽𝑖 = (1 − 𝜇𝑖) × 𝜙

logit(𝜇𝑖) = 𝛽0 +∑𝛽𝑘

13

𝑘=1

𝑥𝑘𝑖

𝛽1,...,13 ∼ 𝒩(0,2)

  (1) 
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Where 𝛽0 is the intercept, 𝛽1,...,13 are the parameters of the explanatory variables 𝑥; Beta(), and 𝒩() represent respectively a 250 

Beta, and Normal distribution. 

We used 𝒩(0,2) for the 𝛽1,...,13 parameters rather than wider or uniform ones. We chose this prior given that the predictor 

variables had been standardised where they were continuous and that the response variable had been transformed using a 

logit link function. The priors should not restrain the parameters without giving too much weight to the distribution tails, 

which can lead to high estimate values in logit links (McElreath, 2020). Having no a priori hypothesis about the intercept and 255 

the 𝜙 parameters, we left the function default settings. 

For T50 CO2 PYR, we performed a model based on a Normal distribution as shown in Eq. (2). A wider prior for the 𝛽𝑘 

coefficients was used as the response variable was not transformed. We kept the default priors for 𝛽0 and 𝜎: 

T50 CO2 PYR𝑖 ∼ 𝒩(𝜇𝑖 , 𝜎)

𝜇𝑖 = 𝛽0 +∑𝛽𝑘

13

𝑘=1

𝑥𝑘𝑖

𝛽1,...,13 ∼ StudentT(3,0,2)

  (2) 

Where StudentT() represents a Student’s t distribution 260 

2.4.2 Annual variation of SOC, HI, and T50 CO2 PYR 

SOC, HI and T50 CO2 PYR variation can be positive and negative. Therefore, we chose the Student’s t distribution as 

described in Eq. (3), which is also more robust to influential data points, compared to a Normal distribution (McElreath, 

2020). Given that most of the recent carbon is found in the topsoil (Balesdent et al., 2018) and that the changes occurred 

mainly in the 0–10 cm layer (as shown by the results), we present here only the models relating to the topsoil. 265 

The Student’s t distribution is defined as: 𝑓(𝑦) =
Γ((𝜈+1)/2)

Γ(𝜈/2)

1

√𝜈𝜋𝜎
(1 +

1

𝜈
(
𝑦−𝜇

𝜎
)2)−(𝜈+1)/2. 

Where 𝜈 > 1 are the degrees of freedom, and 𝜎 is the standard deviation. 

This model describing C content change considered the forest floor stock variations instead of forest floor stock of the 

second campaign. Indeed, C may be transferred from forest floor to mineral soil, depending on humus type (Zanella et al., 

2018). It also considered the mean C–content of the two campaigns, instead of the stock from the second campaign, as C–270 

content variation can also be impacted by the content itself in a context of steady-state (Stewart et al., 2007). This averaging 

was advised by Oldham (1962) in case of two repeated measurements, to avoid a spurious correlation between SOC content 

and its variation. Finally, as for the previous models, we tested the interaction effect between the pH class and clay content, 

Alo + 0.5 Feo content, and Ca2+ + Mg2+ content. 

The Bayesian models are described as: 275 

ΔC𝑖 ∼ StudentT(𝜈, 𝜇𝑖 , 𝜎)

𝜇𝑖 = 𝛽0 +∑𝛽𝑘

14

𝑘=1

𝑥𝑘𝑖

𝛽1,...,14 ∼ 𝒩(0,2)

  (3) 
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As for the Beta models, we used a Normal distribution for the 𝛽1,...,14 parameters, as the continuous variables were scaled and 

the response variable had a low amplitude. Having no a priori hypothesis about the intercept, 𝜈 and 𝜎 values, we left the 

function default settings. Furthermore, we proposed a second model for the variation of SOC, using the same variables as 

before, but which also integrated the HI and T50 CO2 PYR of the first campaign. That way, it allowed us to verify if the 280 

variations of SOC between the two sampling campaigns were mainly driven by the soil, stand, and climate variables, or were 

also influenced by the nature of the soil carbon. The two competing models for SOC variation (with or without the HI and 

T50 CO2 PYR variables) were weighted using the Leave-One-Out Cross-Validation based model comparison described by 

Sivula et al. (2025) to estimate the best model. 

For each response variable (SOC content, HI, T50 CO2 PYR, and their variation), we tested the effect of the depth layer as 285 

specified in Eq. (4), using the same family distribution used for the full models. We only considered the effect of the layer, 

as well as the identity of the site, using as formula: 

Response𝑖 = [

𝛽1
𝛽2
𝛽3

] [

Layer 0 − 10cm𝑖 0 0
0 Layer 10 − 20cm𝑖 0
0 0 Layer 20 − 40cm𝑖

] + 𝛼𝑆𝑖𝑡𝑒[𝑖]

𝛼𝑆𝑖𝑡𝑒[𝑖] ∼ 𝒩(0, 𝜎)

𝜎 ∼ HalfStudentT(3,0,2.5)

  (4) 

The other priors were the same as those used in the respective models. These models were not adequate after checking model 

assumptions, but we still used them to verify an overall effect of the layer depth. 290 

The intercept was based on the broadleaf stands and soil pH ≥ 5. Therefore, the coefficients for clay, Alo + 0.5 Feo, and 

Ca2+ + Mg2+ content were based on the soil pH ≥ 5 class, and the effects for pH < 5 were coded as contrasts. But we want to 

know if the variables of interest (clay content, Alo + 0.5 Feo, and Ca2+ + Mg2+ content) had an effect for both pH classes. 

Therefore, we present the total effects for pH < 5, i.e. calculated for each iteration as the coefficient for pH ≥ 5 + the 

coefficient of the contrast for pH < 5, from which the median and CI were computed. 295 

For the SOC content and HI models, the coefficients were exponentiated to compute the odds ratios, as the response 

variables were expressed in logits. It allows the intercept to be converted at the data scale and makes the parameters to have a 

multiplicative effect on the intercept, modulated by the factor if it is discrete, or by their values if it is continuous. Examples 

of the calculations are expressed in the related tables legends (Table 2 and Table 3). 

The median values of the posterior distributions of the parameters’ coefficients are expressed, as well as the low and high 300 

equal-tailed intervals (ETI) at 95 % by default in brackets. An effect different to 0 or exp(0) at 95 % was considered 

“significant”. Thereafter, we will refer to the ETI as credible intervals (CI). The CI at 90 % are sometimes shown to highlight 

some tendencies but are specified as 90%CI if so. To verify the validity of the models, we estimated the quantile residuals 

(Dunn and Smyth, 1996) using the median predictions. In rare occasions, models failed in some diagnostics, but the 

deviations were considered sufficiently minor and should not have major effect on the validity of the parameters' values. 305 

The data processing and analyses have been carried out with R version 4.5.2 (R Core Team, 2025) on RStudio 

(v. 2026.01.0+392 – Posit team, 2025). We used the brms package (v. 2.23.0 – Bürkner, 2017) for the data analyses, which 
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rely on the Stan program (v. 2.37.0 – Stan Development Team, 2024) through the cmdstanr package (v. 0.9.0 – Gabry et al., 

2025). Stan uses the No-U-Turn sampler, an extension of the Hamiltonian Monte Carlo algorithm which converges more 

efficiently than other Monte Carlo algorithms (e.g. Metropolis and Gibbs – Hoffman and Gelman, 2014). Four independent 310 

Markov chains were estimated per model. They were composed of 2,000 iterations, including 1,000 warm-up ones (iterations 

used to internally tune the sampling efficiency). After warmup, each iteration was kept, yielding to 4,000 samples from 

which the posteriors were drawn. We used the DHARMa package (v. 0.5.0 – Hartig, 2026) to compute the quantile residuals. 

3. Results 

3.1 Soil carbon content 315 

SOC content decreased significantly with depth, from an average of 50.6 ± 28.9 g C·kg-1 soil (mean ± standard deviation) at 

0–10 cm depth, to 24.3 ± 15.7 g·kg-1 at 10–20 cm, and 15.2 ± 11.6 g·kg-1 at 20–40 cm. This decrease was confirmed by the 

layer depth model, with an odds ratio (OR) of 0.47 [0.44, 0.50] for SOC content between the 0–10 cm and the 10–20 cm 

layers, and an OR of 0.61 [0.56, 0.67] between 10–20 cm and the 20–40 cm layers. 

For the full models, Ca2+ + Mg2+ in sites with pH ≥ 5 and Alo + 0.5 Feo (Figure 2 a and Figure 2 b) for both pH groups 320 

significantly increased SOC content for the three layers depth, with a tendency towards a greater effect for the 10–20 cm and 

20–40 cm layers compared to the 0–10 cm layer (Table 2). Other soil effects were observed to increase SOC content but only 

for the two first layers: the pH group, increasing SOC content (tendency for the 0–10 cm layer with an OR of 1.34 [90%CI 

1.01, 1.78], and significantly for the 10–20 cm layer with an OR of 1.45 [1.02, 2.02]), and clay content for the 0–10 cm layer 

in the pH < 5 sites (OR 1.21 [90%CI 1.01, 1.43]). Some stand and climate variables impacted SOC content, depending on 325 

layer depth, mainly at 90%CI. For the 0–10 cm layer, the coniferous stands had more SOC content compared to broadleaf 

stands (OR 1.26 [90%CI 1.03, 1.54]), and an increase in mean annual temperature decreased SOC content (OR 0.91 [90%CI 

0.83, 1.00]). For the 10–20 cm layer, no stand nor climate variable impacted SOC content. For the 20-40 cm layer, two stand 

variables decreased SOC content: the average coarse branches and roots inputs, expressed as irregular litter (OR 0.88 [0.81, 

0.96]), and the carbon stock of the forest floor (OR 0.90 [90%CI 0.82, 0.99]). As a relationship between SOC in the 20-330 

40 cm layer and forest floor was rather unlikely as none was observed in the topsoil layers, we consider these relationships 

probably spurious and will not discuss them further. 
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Table 2: Results of the models of the soil organic carbon content for the 0–10, 10–20, and 20–40 cm soil depth layers. These models 335 
used a logit link, and the coefficients are expressed as odds ratios (i.e. the parameters are exponentiated, which makes the effects 

multiplicative). The median odds ratios are shown, with the 95 % credible intervals in square brackets; the parameters different 

from 1 – i.e. exp(0) – at 95 % credible intervals are in bold, and those different from 1 at 90 % are underlined. 𝝓 is the other 

parameter estimated for the Beta distribution. An odds ratio > 1 means the effect is positive, while an odds ratio < 1 states a 

negative effect. Odds ratios are multiplicative relatively to the intercept. For instance, the prediction for a broadleaf site with 340 
pH ≥ 5 and a value of Alo + 0.5 Feo of 0.5 standard deviation higher at 0–10 cm, is 0.03×1.26×1.530.5 = 0.05 kg SOC·kg-1 soil, 

keeping all other explanatory variables at their mean. 

  0–10 cm 10–20 cm 20–40 cm 

Intercept (broadleaf sites with pH ≥ 5) 0.03 [0.02, 0.04] 0.02 [0.01, 0.02] 0.01 [0.01, 0.01] 

Functional group; Conifers 1.26 [0.98, 1.61] 1.10 [0.89, 1.38] 1.00 [0.81, 1.25] 

Regular litter 0.98 [0.89, 1.08] 1.05 [0.96, 1.16] 1.01 [0.91, 1.12] 

Irregular litter 0.99 [0.90, 1.09] 0.95 [0.87, 1.04] 0.88 [0.81, 0.96] 

Forest floor carbon stock 1.04 [0.93, 1.15] 0.98 [0.87, 1.08] 0.90 [0.80, 1.01] 

Mean annual temperature 0.91 [0.82, 1.02] 0.94 [0.85, 1.05] 0.95 [0.85, 1.06] 

Mean annual precipitation 0.95 [0.86, 1.06] 1.02 [0.91, 1.13] 1.08 [0.97, 1.20] 

Sites with pH < 5 1.34 [0.96, 1.91] 1.45 [1.02, 2.02] 1.26 [0.51, 2.98] 

Clay content; sites with pH ≥ 5 0.99 [0.86, 1.15] 0.99 [0.86, 1.14] 0.94 [0.83, 1.06] 

Clay content; sites with pH < 5 1.21 [0.98, 1.48] 0.94 [0.79, 1.10] 0.85 [0.70, 1.05] 

Alo + 0.5 Feo; sites with pH ≥ 5 1.53 [1.24, 1.87] 1.75 [1.46, 2.09] 1.88 [1.56, 2.25] 

Alo + 0.5 Feo; sites with pH < 5 1.34 [1.16, 1.55] 1.49 [1.35, 1.64] 1.44 [1.31, 1.56] 

Ca2+ + Mg2+; sites with pH ≥ 5 1.19 [1.05, 1.35] 1.28 [1.16, 1.42] 1.27 [1.13, 1.42] 

Ca2+ + Mg2+; sites with pH < 5 0.78 [0.46, 1.30] 1.32 [0.72, 2.21] 1.13 [0.15, 7.28] 

φ 175 [123, 241] 387 [268, 535] 573 [397, 779] 
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Figure 2: Model estimated effect of (a): exchangeable calcium and magnesium, and (b): content oxalate-extracted aluminium + 0.5 345 
iron content on soil organic carbon content for the 0–10 cm depth layer depending on pH class and tree functional group. The left 

panels are the relationship for the pH < 5 soils (orange), the right panels the pH ≥ 5 soils (blue). The broadleaf and coniferous 

stands are represented separately (solid lines and circles: broadleaf, dotted lines and triangles: conifer). The ribbons show the 

credible intervals at 95 % of the coefficients. 

3.2 Rock-Eval® indices 350 

The Hydrogen Index (HI) represents the quantity of hydrocarbon per g of organic carbon (mg HC·g-1 TOC) and is assumed 

to be a proxy of poorly decomposed organic matter (Barré et al., 2024). It decreased significantly with layer depth, with 

283.8 ± 79.2 mg HC·g-1 TOC at 0–10 cm, 223.3 ± 76.5 mg HC·g-1 TOC at 10–20 cm, and 167.7 ± 61.0 mg HC·g-1 TOC at 
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20–40 cm. The depth layer model confirmed the reduction of HI between the 0–10 cm and 10–20 cm layers (OR 0.72 [0.67, 

0.78]), and between the 10–20 and 20–40 cm layers (OR 0.69 [0.64, 0.76]). 355 

Compared to SOC content, the influence of other variables had a less clear pattern with soil depth. Overall, the functional 

group had a significant effect on HI, with a lower hydrocarbon concentration in coniferous stands compared to broadleaf 

ones for all depth layers (Table 3). For the two first layers, sites with pH < 5 had higher HI (OR 1.71 [1.36, 2.15] for the 0–

10 and 10–20 cm layers respectively), and regular litter inputs (leaves, small roots and branches, and other organs) reduced it 

(OR 0.90 [0.84, 0.96] for the 0–10 cm layer; Figure 3 a). However, this negative effect of litter inputs seemed to be driven by 360 

coniferous sites. HI tended to decrease along litter inputs in conifer sites while there was no relationship in broadleaf sites 

(Figure 3 a). 

Other soil properties influenced HI, but with less clear patterns. In the more acidic sites, clay content significantly reduced 

HI for the two deepest layers (OR 0.69 [0.59, 0.82] and 0.62 [0.52, 0.75] for the 10–20 and 20–40 cm layers respectively). 

Furthermore, pH class had an influence by mediating the relationship between HI and other soil properties. Thus, 365 

Alo + 0.5 Feo had a significant negative effect on HI in more acidic sites in the surface layer (OR 0.87 [0.77, 0.97]; 

Figure 3 b), but this was not observed in subsequent layers. Conversely, the negative effect of Alo + 0.5 Feo was present in 

the deepest layer for the pH ≥ 5 sites (OR 0.78 [0.60, 0.98]). Basic cations also increased HI for the 20–40 cm, but not in the 

other layers. For the more acidic sites, the effect of cations was not consistent, despite a high positive relationship with HI in 

the 10–20 cm layer. 370 
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Table 3: Results of the models of the hydrogen index for the 0–10, 10–20, and 20–40 cm soil layers depth. These models used a logit 

link, and the coefficients are expressed as odds ratios (i.e. the parameters are exponentiated, which makes the effects 

multiplicative). An odds ratio > 1 means the effect is positive, while an odds ratio < 1 states a negative effect which are 375 
multiplicative relatively to the intercept. For instance, the prediction for a site with pH < 5 and a value of Alo + 0.5 Feo of 0.5 

standard deviation higher at 0–10 cm, is 0.31×1.71×0.870.5 = 0.49 g HC·g-1 TOC, keeping all other explanatory variables at their 

mean. The median odds ratios are shown, with the 95 % credible intervals in square brackets; the parameters different from 1 – 

i.e. exp(0) – at 95 % credible intervals are in bold, and those different from 1 at 90 % are underlined. 𝝓 is the other parameter 

estimated for the Beta distribution. 380 

  0–10 cm 10–20 cm 20–40 cm 

Intercept (broadleaf sites with pH ≥ 5) 0.31 [0.25, 0.37] 0.22 [0.17, 0.29] 0.16 [0.13, 0.21] 

Functional group; Conifers 0.70 [0.59, 0.83] 0.69 [0.54, 0.87] 0.77 [0.61, 0.99] 

Regular litter 0.90 [0.84, 0.96] 0.90 [0.82, 0.99] 0.93 [0.84, 1.02] 

Irregular litter 1.01 [0.95, 1.08] 1.02 [0.93, 1.11] 0.99 [0.90, 1.08] 

Forest floor carbon stock 1.04 [0.97, 1.12] 1.11 [1.01, 1.21] 0.98 [0.88, 1.08] 

Mean annual temperature 0.98 [0.91, 1.06] 1.05 [0.94, 1.17] 1.14 [1.03, 1.27] 

Mean annual precipitation 1.00 [0.93, 1.09] 1.09 [0.98, 1.22] 1.11 [0.99, 1.25] 

Sites with pH < 5 1.71 [1.36, 2.15] 2.39 [1.74, 3.31] 1.45 [0.61, 3.24] 

Clay content; sites with pH ≥ 5 1.03 [0.90, 1.18] 1.09 [0.92, 1.32] 0.94 [0.82, 1.07] 

Clay content; sites with pH < 5 0.96 [0.83, 1.11] 0.69 [0.59, 0.82] 0.62 [0.52, 0.75] 

Alo + 0.5 Feo; sites with pH ≥ 5 0.90 [0.74, 1.07] 0.82 [0.62, 1.04] 0.78 [0.60, 0.98] 

Alo + 0.5 Feo; sites with pH < 5 0.87 [0.77, 0.97] 0.96 [0.84, 1.09] 1.02 [0.91, 1.12] 

Ca2+ + Mg2+; sites with pH ≥ 5 0.96 [0.87, 1.06] 1.06 [0.92, 1.21] 1.19 [1.04, 1.36] 

Ca2+ + Mg2+; sites with pH < 5 0.99 [0.69, 1.38] 2.61 [1.49, 4.48] 1.26 [0.21, 7.61] 

φ 89.2 [62.4, 123.8] 53.8 [37.3, 73.2] 60.8 [43.4, 84.7] 
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Figure 3: Model estimated effect of (a): average regular litter input (leaves, fine roots, small branches, miscellaneous litter), and 

(b): oxalate-extracted aluminium + 0.5 iron content on hydrogen index for the 0–10 cm depth layer depending on pH class and tree 

functional group. The left panels are the relationship for the pH < 5 soils (orange), the right panels the pH ≥ 5 soils (blue). The 385 
broadleaf and coniferous stands are represented separately (solid lines and circles: broadleaf, dotted lines and triangles: conifer). 

The ribbons show the credible intervals at 95 % of the coefficients. 

 

T50 CO2 PYR is the temperature at which 50 % of the CO2 was emitted during the pyrolysis phase and is positively 

correlated with stable carbon proportion. T50 CO2 PYR significantly increased with depth, from 367 ± 10 °C at 0–10 cm, 390 
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378 ± 9 °C at 10–20 cm, and 384 ± 9 °C at 20–40 cm. The depth layer model confirmed it, with a median increase of 10.9 °C 

[9.2, 12.6] between the 0–10 cm and 10–20 cm layers, and of 6.3 °C [4.6, 8.0] between the 10–20 cm and 20–40 cm layers. 

Only soil characteristics influenced the T50 CO2 PYR, and this was the case only for the 0–10 cm and 10–20 cm layers. Sites 

with pH < 5 had a significantly lower T50 CO2 PYR than sites with pH ≥ 5 (-11.5 °C [-16.2, -6.2] for the 0–10 cm layer, -

4.9 °C [-10.7, -0.3] for the 10–20 cm layer). For both pH groups, Alo + 0.5 Feo content increased T50 CO2 PYR with the same 395 

order of magnitude (for the 0–10 cm layer, 4.93 [1.90, 8.06] for the pH ≥ 5 sites, and 3.91 [1.67, 6.05] for the pH < 5 sites; 

Figure 4 a). This effect was lower in the 10–20 cm layer but was still significant (2.85 [0.04, 6.25] for the pH ≥ 5 sites, 2.34 

[0.23, 4.46] for the pH < 5 sites). Additionally, clay content also increased T50 CO2 PYR for the more acidic sites (2.71 

[0.22, 5.47] for the 0–10 and 10-20 cm layers; Figure 4 b). 

Table 4: Results of the models of the T50 CO2 PYR for the 0–10, 10–20, and 20–40 cm soil layers depth. The medians are shown, 400 
with the 95 % credible intervals in square brackets; the parameters different from 0 at 95 % credible intervals are in bold, and 

those different from 0 at 90 % are underlined. 𝝈 is the other parameter estimated for the Normal distribution. The parameters are 

given in absolute changes in °C. 

  0–10 cm 10–20 cm 20–40 cm 

Intercept (broadleaf sites with pH ≥ 5) 375.6 [371.3, 379.8] 381.4 [377.2, 386.1] 384.9 [381.1, 388.9] 

Functional group; Conifers -0.99 [-4.12, 1.85] -0.15 [-3.30, 2.78] 1.91 [-1.29, 6.54] 

Regular litter 0.30 [-1.22, 1.79] 0.31 [-1.30, 1.90] 0.14 [-1.78, 2.08] 

Irregular litter 0.02 [-1.44, 1.42] -0.98 [-2.67, 0.71] -1.19 [-3.23, 0.57] 

Forest floor carbon stock -0.37 [-1.93, 1.17] -0.46 [-2.27, 1.21] 0.59 [-1.27, 2.51] 

Mean annual temperature -0.46 [-2.15, 1.16] -0.48 [-2.36, 1.35] 0.48 [-1.44, 2.44] 

Mean annual precipitation -0.77 [-2.58, 0.99] -0.55 [-2.58, 1.52] 0.16 [-1.96, 2.34] 

Sites with pH < 5 -11.46 [-16.22, -6.21] -4.87 [-10.67, -0.27] -2.14 [-6.92, 1.28] 

Clay content; sites with pH ≥ 5 1.33 [-0.84, 3.62] 0.75 [-1.57, 3.05] 0.02 [-2.19, 2.17] 

Clay content; sites with pH < 5 2.71 [ 0.22, 5.47] 2.61 [ 0.05, 5.27] 1.13 [-1.83, 4.37] 

Alo + 0.5 Feo; sites with pH ≥ 5 4.93 [1.90, 8.06] 2.85 [0.04, 6.25] 0.45 [-2.11, 3.28] 

Alo + 0.5 Feo; sites with pH < 5 3.91 [ 1.67, 6.05] 2.34 [ 0.23, 4.46] 0.92 [-1.28, 3.16] 

Ca2+ + Mg2+; sites with pH ≥ 5 -0.09 [-2.01, 1.84] 0.46 [-1.67, 2.65] 1.83 [-0.54, 4.19] 

Ca2+ + Mg2+; sites with pH < 5 -0.32 [-5.04, 4.00] -0.70 [-7.86, 3.91] 2.48 [-2.36, 8.52] 

σ 6.05 [5.11, 7.30] 7.07 [6.00, 8.44] 8.21 [7.04, 9.72] 
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 405 

Figure 4: Model estimated effect of (a): oxalate-extracted aluminium + 0.5 iron content, and (b): clay content on T50 CO2 PYR for 

the 0–10 cm depth layer depending on pH class and tree functional group. The left panels are the relationships for the pH < 5 soils 

(orange), the right panels the pH ≥ 5 soils (blue). The broadleaf and coniferous stands are represented separately (solid lines and 

circles: broadleaf, dotted lines and triangles: conifer). The ribbons show the credible intervals at 95 % of the coefficients. 

3.3 Soil organic carbon and RE indices annual variations 410 

The changes of soil organic carbon between the two sampling campaigns occurred nearly exclusively in the 0–10 cm layer, 

with an average annual increase of 0.36 ± 0.72 g·kg-1·year-1, compared to a negligible average loss for the 10–20 and 20–

40 cm layers in comparison (-0.01 ± 0.22 g·kg-1·year-1 and -0.04 ± 0.17 g·kg-1·year-1, respectively). This was confirmed by 

https://doi.org/10.5194/egusphere-2026-6489
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



21 

 

the depth layer model with a median annual variation of 0.23 [0.18, 0.29] g·kg-1·year-1 for the 0-10 layer, against 0.00 [-0.04, 

0.04] and -0.03 [-0.07, 0.00] for the two other ones. As stated in the Material and Methods and given the minimal variations 415 

in SOC in the 10–20 and 20–40 cm layers, only the annual variation of the 0–10 cm layer was analysed in greater details. 

For the first model of SOC content variation, only three variable affected the annual variations of SOC content (Table 5): the 

tree functional group, with a significant increase of SOC content in coniferous sites compared to broadleaf ones (0.45 [0.13, 

0.79]), the annual stock variation of the forest floor, which had a negative effect on the SOC variation (-0.19 [-0.35, -0.07]; 

Figure 5 a), and Alo + 0.5 Feo content, which increased SOC content for pH ≥ 5 sites at 90 % credible intervals (0.29 [90%CI 420 

0.01, 0.59]; Figure 5 b). For the model with the added Rock-Eval® parameters, the Hydrogen Index had a significant 

negative effect on the SOC content variation (-0.34 [-0.62, -0.07]; Figure 6), and the annual stock variation of the forest floor 

still had a negative effect as for the previous model (-0.16 [-0.31, -0.04]). However, neither the tree functional group nor 

oxalate-extracted metals were significant anymore, whether at 95 or 90 % credible intervals. The other variables did not have 

any effect, including the T50 CO2 PYR, at 0.01 [-0.23, 0.25]. 425 
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Figure 5: Model estimated effect of (a): forest floor C–stock variation, and (b): oxalate-extracted aluminium + 0.5 iron content on 

C–content changes for the 0–10 cm depth layer depending on pH class and tree functional group. The left panels are the 

relationships for the pH < 5 soils (orange), the right panels for pH ≥ 5 soils (blue). The broadleaf and coniferous stands are 

represented separately (solid lines and circles: broadleaf, dotted lines and triangles: conifer). The ribbons show the credible 430 
intervals at 95 % of the coefficients. 

 

To be able to perform a comparison between the two model versions, the model without RE metrics has been redone without 

an observation which did not have a RE analysis at the first campaign (a Q. petraea site – CHS 35), though without 
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modification on the overall values of the parameters. The model with RE metrics was the best compared to the one without, 435 

with a Leave-One-Out Information Criterion of 146.6 and 151.7 respectively (Vehtari et al., 2017). The latter model was 

estimated to be worse than the former at 79 % using the method described by Sivula et al. (2025). However, this estimation 

might be biased as the number of observations was less than 100 (79). 

 

Figure 6: Model estimated effect of hydrogen index on C–content changes for the 0–10 cm depth layer depending on pH class and 440 
tree functional group. The left panels are the relationships for the pH < 5 soils (orange), the right panels for pH ≥ 5 soils (blue). 

The broadleaf and coniferous stands are represented separately (solid lines and circles: broadleaf, dotted lines and triangles: 

conifer). The ribbons show the credible intervals at 95 % of the coefficients. 

 

https://doi.org/10.5194/egusphere-2026-6489
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



24 

 

 445 

Table 5: Results of the models of annual variations of soil organic carbon content, hydrogen index and T50 CO2 PYR for the 0–

10 cm soil layer depth. The median coefficient values are shown, with the 95 % credible intervals in square brackets; the 

parameters different from 0 at 95 % credible intervals are in bold, and those different from 0 at 90 % are underlined. 𝝈 and 𝝂 are 

the other parameters estimated for the Student’s t distribution. The variations are given in changes in g·kg soil-1·year-1 for SOC, 

mg HC·g TOC-1·year-1 for HI, and °C·year-1 for T50 CO2 PYR. 450 

  SOC content SOC content (RE) Hydrogen index T50 CO2 PYR 

Intercept (broadleaf sites with pH ≥ 5) 0.01 [-0.38, 0.38] -0.12 [-0.56, 0.32] -0.89 [-2.15, 0.37] -0.19 [-0.47, 0.09] 

Functional group; Conifers 0.45 [0.13, 0.79] 0.20 [−0.16, 0.56] -0.34 [-1.44, 0.78] -0.17 [-0.35, 0.02] 

Mean carbon content of both campaigns -0.02 [-0.26, 0.22] 0.19 [−0.09, 0.48] 

  

Mean HI of both campaigns 

  
-0.35 [-1.06, 0.36] 

 

Mean T50 CO2 PYR of both campaigns 

   
0.00 [-0.13, 0.14] 

Regular litter 0.02 [-0.13, 0.17] -0.04 [-0.18, 0.10] -0.10 [-0.63, 0.38] -0.08 [-0.17, 0.01] 

Irregular litter 0.01 [-0.13, 0.16] 0.03 [-0.11, 0.18] -0.14 [-0.58, 0.32] 0.02 [-0.06, 0.11] 

Annual stock variation of the forest floor -0.19 [-0.35, -0.07] -0.16 [-0.31, -0.04] -0.67 [-1.10, -0.25] 0.11 [0.03, 0.18] 

Mean annual temperature 0.06 [-0.10, 0.21] 0.06 [−0.09, 0.21] -0.11 [-0.65, 0.45] 0.01 [-0.10, 0.12] 

Mean annual precipitation -0.11 [-0.28, 0.08] -0.07 [-0.22, 0.11] -0.14 [-0.75, 0.47] -0.01 [-0.11, 0.10] 

Sites with pH < 5 0.12 [-0.30, 0.56] 0.43 [-0.12, 0.96] 0.23 [-1.33, 1.76] 0.09 [-0.28, 0.43] 

Clay content; sites with pH ≥ 5 -0.05 [-0.29, 0.20] -0.01 [-0.24, 0.23] -0.20 [-0.98, 0.63] -0.03 [-0.18, 0.12] 

Clay content; sites with pH < 5 -0.04 [-0.35, 0.26] -0.07 [-0.42, 0.24] -0.07 [-1.10, 0.91] 0.12 [-0.08, 0.31] 

Alo + 0.5 Feo; sites with pH ≥ 5 0.29 [-0.04, 0.65] 0.04 [-0.38, 0.42] 0.42 [-0.59, 1.45] 0.09 [-0.12, 0.32] 

Alo + 0.5 Feo; sites with pH < 5 0.19 [-0.07, 0.46] -0.11 [-0.45, 0.23] 0.34 [-0.48, 1.21] -0.07 [-0.22, 0.07] 

Ca2+ + Mg2+; sites with pH ≥ 5 0.15 [-0.06, 0.35] 0.05 [-0.17, 0.26] -0.24 [-0.87, 0.37] 0.04 [-0.08, 0.16] 

Ca2+ + Mg2+; sites with pH < 5 0.20 [-0.44, 0.88] 0.09 [-0.66, 0.82] 0.75 [-1.31, 2.78] -0.02 [-0.47, 0.41] 

T50 CO2 PYR at first campaign 
 

0.01 [-0.23, 0.25] 
  

Hydrogen index at first campaign 
 

-0.34 [-0.62, -0.07] 
  

σ 0.39 [0.25, 0.55] 0.38 [0.26, 0.53] 1.54 [1.15, 1.92] 0.28 [0.23, 0.34] 

ν 3.70 [1.58, 12.77] 4.02 [1.74, 13.46] 13.94 [3.28, 48.27] 20.93 [5.96, 61.68] 

 

The hydrogen index decreased between the first and second campaign in each depth layer: -1.27 ± 1.84 mg HC·g TOC-

1·year-1 at 0–10 cm, -2.17 ± 2.06 at 10–20 cm, and -1.92 ± 2.66 at 20–40 cm, different from 0 at these three depths. The sole 

significant effect on HI was the negative effect of the forest floor C–stock variations (-0.67 [-1.10, -0.25]). 

T50 CO2 PYR decreased between the two campaigns only for the 0–10 cm layer, at -0.22 ± 0.30 °C·year-1, compared to -455 

0.03 ± 0.26 for the 10–20 cm layer, and -0.01 ± 0.29 for 20–40 cm. This was confirmed by the depth layer model, with a 

median decrease of -0.21 [-0.27, -0.15] °C·year-1, against -0.05 [-0.11, 0.00] and -0.01 [-0.07, 0.05] for the two other layers. 

The C–stock variation of the forest floor also had an influence for this variable, positive this time (0.11 [0.03, 0.18]). Two 

other variables impacted T50 CO2 PYR at 90%CI: the tree species functional group (a negative effect for the coniferous sites; 

-0.17 [90%CI -0.32, -0.01]), and the inputs of regular litter (-0.08 [90%CI -0.16, -0.01]). 460 
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4. Discussion 

4.1 Determinants of soil organic carbon content 

A shift in the drivers influencing SOC content was expected, as our first hypothesis (H1), from Al and Fe in organo-mineral 

complexes explaining SOC content at lower pH, to basic cations (Ca2+ + Mg2+) and clay driving it at higher pH (Guidi et al., 

2025; Rasmussen et al., 2018). However, we did not observe the expected shift in explanatory variables with pH (as 465 

summarised in Table 6). First off, we did not observe an effect of clay at high pH, contrary to what is assumed in most 

models of SOC dynamics, even if this lack of relationship between SOC and clay has already been described (Curtin et al., 

2015; Fukumasu et al., 2021; von Fromm et al., 2021). For these high pH sites (pH ≥ 5), basic cations (Ca2+ and Mg2+) 

increased SOC content at all depths. This positive effect of Ca2+ has already been found in multiple studies, reviewed by 

Rowley et al. (2018). However, we must be cautious about the potential bias arising from the fact that the organic matter 470 

may carry exchangeable basic cations. An accumulation of OM would therefore be responsible of an increase of base 

cations, and the accumulation of OM would not be a consequence of the higher cations content (Gruba and Mulder, 2015). 

Oxalate-extracted metals also influenced SOC content at low but also at high pH. Nevertheless, the main influence of 

reactive metals on SOC in the RENECOFOR network was in accordance with current research, showing the importance of 

reactive metals in the stabilisation of SOC mainly between pH 5.5–6.5 (e.g. Heckman et al., 2023; Kleber et al., 2015; 475 

Rasmussen et al., 2018), and with the inclusion of SOC in Al and Fe oxides which may be observed up to pH 8 (Rowley et 

al., 2018). Few sites in our data set had high pH (six sites with pH > 6, and two with pH > 7) and it was therefore not 

possible to verify the effects only occurring in really high pH, where a lack of relationship between short-range ordered 

(SRO) minerals and SOC content was expected. More specifically, our results would fit into the organo-metallic “glue” 

hypothesis of Wagai et al. (2020). This hypothesis posits that organo-metal units act as a binding agent that promotes 480 

associations of organic molecules, metals and mineral particles such as clays, thereby forming microaggregates of meso-

density (1.8 to 2.4 g·cm-3). But we observed that the link between SOC and oxalate-extractable metals applies to the bulk soil 

as a whole, regardless of aggregate density. 

At pH ≥ 5, the positive effect of basic cations and oxalate-extracted metals were cumulative, suggesting that cations bridging 

could occur in poorly crystalline oxides, as observed at the subnanoscale by Van Der Kellen et al. (2022). von Fromm et al. 485 

(2021) also found a strong Ca2+ positive effect, additive with oxalate-extracted metals, even in acidic soils. But it was not the 

case for our sites, as there was no effect of basic cations for our pH < 5, representing the most acidic group of von Fromm et 

al. (2021). 

Contrary to our second hypothesis (H2) under which we expected the effect of soil characteristics on SOC to increase with 

depth, the influence of soil properties was not particularly more pronounced as the layer became deeper. The effect of 490 

oxalate-extracted metals seemed to have a slightly larger positive effect on SOC for higher pH group sites in the deepest 

layers compared to 0–10 cm one, but the influence of oxalate-extracted metals and basic cations was of the same order of 

magnitude for the three studied layers. For other soil properties, their influence was higher in the topsoil, with a positive 
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effect at 90%CI of the lowest pH group and clay in this group in the 0–10 cm layer. However, since the concentration of C 

decreases with depth, the analytical sensitivity to detect a variation is limited, which could hinder the possibility to detect 495 

relationships. At the opposite of our hypothesis, some stand characteristics, irregular litter inputs and forest floor carbon 

stock, had a negative effect only in the deepest layer (20–40 cm), with no influence for more superficial layers. However, 

there were no plausible geo-chemical pathway to explain these relationships, and they were likely to be statistical artefacts. 

Nevertheless, coniferous stands showed a tendency to have a higher C–content in the 0–10 cm soil depth, which is an effect 

already described for SOC stocks in this network, without degraded sites exclusion of the dataset (Jonard et al., 2017), or for 500 

dual species comparisons (Osei et al., 2021; Osei et al., 2022). But the effect of functional group does not always occur 

(Schulp et al., 2008) and may be due to the local conditions: despite higher SOC content, some studies found no global effect 

between tree groups when several species were aggregated, with some broadleaf species having a comparable SOC stock to 

that of coniferous species (Oostra et al., 2006; Schulp et al., 2008). The aggregation of several species by group may 

therefore obscure more subtle effects from the species identity, but it would have made the estimation of the parameters’ 505 

values challenging in our models given the number of sites per tree species. 

In many predictive models of SOC dynamic, SOC is linearly related to C–inputs in a steady state regime, without 

considering a soil carbon saturation (Stewart et al., 2007), and its decomposition is generally increased by temperature (up to 

a tipping point) and precipitation or soil moisture (e.g. CENTURY Parton et al., 1987; Millennial Abramoff et al., 2022; 

Yasso Viskari et al., 2022). Therefore, the general lack of influence of temperature (except for 0–10 cm layer), precipitation, 510 

and litter inputs in our study was more surprising. In a meta-analysis, Feng et al. (2022) found an increase in C–inputs lead 

to a higher SOC stock or concentration, which was positively correlated with the litter input rate. However, this effect can be 

relatively small (Wrightson et al., 2025), or even not observable (Bowden et al., 2014). The lack of relationship between 

climatic variables and litter inputs in our study could also indicate that the majority of the sites were at steady state. This 

could also be explained by constraints affecting the decomposition processes, which may be mediated by the carbon 515 

compounds of SOM (Cotrufo et al., 2013), or by ecological limitations on microbial communities (Craig et al., 2021; 

Georgiou et al., 2017). 

 

https://doi.org/10.5194/egusphere-2026-6489
Preprint. Discussion started: 9 November 2026
c© Author(s) 2026. CC BY 4.0 License.



27 

 

 

Table 6: Summary of models for SOC content, hydrogen index, T50 CO2 PYR values at the second campaign, and the annual 520 
variations of SOC content, with the best model between the two SOC variation models being the SOC (RE), hydrogen index and 

T50 CO2 PYR for the 0–10 cm soil layer. ↗ and ↘ stand for a positive and negative effect at 95 %; ↗ and ↘ stand for a positive and 

negative effect at 90 %. 

  SOC content Hydrogen Index T50 CO2 PYR Variation (0–10 cm) 

  
0–
10 

10–
20 

20–
40 

0–
10 

10–
20 

20–
40 

0–
10 

10–
20 

20–
40 

SOC 
(RE) 

SOC HI 
T50 CO2 

PYR 

Functional group; Conifers ↗ · · ↘ ↘ ↘ · · · · ↗ · ↘ 

Regular litter · · · ↘ ↘ · · · · · · · ↘ 

Irregular litter · · ↘ · · · · · · · · · · 

Mean annual temperature ↘ · · · · ↗ · · · · · · · 

Mean annual precipitation · · · · · ↗ · · · · · · · 

Sites with pH < 5 ↗ ↗ · ↗ ↗ · ↘ ↘ · · · · · 

Clay content in sites with pH ≥ 5 · · · · · · · · · · · · · 

Clay content in sites with pH < 5 ↗ · · · ↘ ↘ ↗ ↗ · · · · · 

Alo + 0.5 Feo in sites with pH ≥ 5 ↗ ↗ ↗ · · ↘ ↗ ↗ · · ↗ · · 

Alo + 0.5 Feo in sites with pH < 5 ↗ ↗ ↗ ↘ · · ↗ ↗ · · · · · 

Ca2+ + Mg2+ in sites with pH ≥ 5 ↗ ↗ ↗ · · ↗ · · · · · · · 

Ca2+ + Mg2+ in sites with pH < 5 · · · · ↗ · · · · · · · · 

Forest floor carbon stock · · ↘ · ↗ · · · ·   

Average value of the two campaigns 

  

· · · · 

Forest floor carbon stock variation ↘ ↘ ↘ ↗ 

Hydrogen Index at first campaign ↘ 
  

T50 CO2 PYR at first campaign · 

4.2 Factors influencing Rock-Eval® indices 

We stated as our third hypothesis (H3) that HI would be primarily influenced by climate and stand characteristics, and that 525 

T50 CO2 PYR would be mainly associated with soil properties. This hypothesis was partially confirmed. The Hydrogen 

Index, indicator of poorly decomposed OM, responded to a higher number of explanatory variables across all depths 

compared to T50 CO2 PYR, indicative of SOC thermal stability. The lowest HI values for coniferous stands has already been 

observed for the POM in the 0–10 cm layer of a subset of RENECOFOR sites n = 52 (Soucémarianadin et al., 2019), and we 

are confirming this effect for the total SOC in a larger number of sites and for deeper soil layers. The negative effect of the 530 

litter inputs on HI was surprising, as we would have thought fresh litter would be of higher concentration of hydrocarbons, 

increasing the HI of the topsoil layer, but this effect appeared mainly due to the coniferous stands. 

Contrary to our expectation, HI, representative of poorly decomposed C, was also explained by several soil properties for 

both pH groups. The negative effect of reactive metals on HI would indicate that associations of organic matter with SRO 

minerals are mainly formed with already decomposed carbon. From our analyses, this interaction depends on soil pH, with 535 
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this association occurring in the surface layer in low pH soil, and in deeper layers in higher pH. On the contrary, the positive 

effect of basic cations on HI for the 20–40 cm layer and pH ≥ 5 would indicate an association of clay with poorly 

decomposed SOM, which would be of plant origin (Saenger et al., 2013). Ca2+ and Mg2+ also had a positive effect on HI in 

sites with pH < 5 for the 10–20 cm layer. Ca–C relationship has already been observed in acidic soils (Rowley et al., 2023; 

Van Der Kellen et al., 2022) but in our results, this positive relationship seemed to be a spurious estimation of the model, as 540 

indicated by the wide credible interval for this relationship. 

For the thermal stability of C, T50 CO2 PYR, soil properties affected it solely for the 0–10 and 10–20 cm layers. Oxalate-

extracted metals increased T50 CO2 PYR for both pH groups, confirming the protecting role of SRO on SOM. This is in 

accordance with the higher proportion of oxidation resistant SOC with increasing Alo content found by Fukumasu et al. 

(2021), and the negative effect of Feo on C mineralisation rate found by Huang et al. (2016). Clay content also increased T50 545 

CO2 PYR but only for the sites with pH < 5. This would confirm a relationship between pH and stable carbon proportion 

which has been observed by Yu et al. (2019) in forest soils whose pH was comparable with our lower pH group. This result 

would fit into the “glue” hypothesis, where more microbially-altered OM would be associated with clay particles (Wagai et 

al., 2020). 

Soil pH had an important effect on RE parameters: T50 CO2 PYR, SOC was lower in lower pH sites for the 0–10 and 10–550 

20 cm layers, which was confirmed by the increase of HI. These results are in accordance with Delahaie et al. (2023), for 

whom pH had a negative effect on Rock-Eval® temperature parameters (including T50 CO2 PYR), while clay content 

increased them. This reduced stability of OM in lower pH was not expected given that low pH favours inner-sphere 

complexation (Kleber et al., 2015), which is more stable than the other adsorption mechanisms (Sposito and Sposito, 2016). 

This may be due to the greater pH sensitivity of Al, which has a lower degree of precipitation with dissolved organic matter 555 

in low pH (Nierop et al., 2002). This effect of pH on the stability of OM has also been observed in alpine sites, with a greater 

proportion of weakly adsorbed carbon (from van der Waals interactions or outer-sphere complexation) in low pH (Niu et al., 

2023). 

4.3 Soil organic carbon content and Rock-Eval® indices variation 

We stated as fourth hypothesis (H4) that variation in SOC content, hydrogen index, and T50 CO2 PYR would be primarily 560 

affected by stand characteristics and climate rather than by soil properties. From our results, the variations between the two 

sampling campaigns of SOC content and T50 CO2 PYR occurred mainly in the top layer (an average increase of 0.36 g·kg-

1·year-1, and decrease of -0.22 °C·year-1 respectively), while a general decrease was observable in all layers for HI (-1.27, -

2.17, and -1.92 mg HC·g TOC-1·year-1 for the 0–10, 10–20, and 20–40 cm layer respectively). The higher responsivity of the 

top layer can be explained by the age of its carbon, likely to be younger than the one of the deeper layers (Balesdent et al. , 565 

2018) and therefore would be more responsive than older carbon (Liebmann et al., 2020). However, SOC content, HI, and 

T50 CO2 PYR variation were not explained by most of the included variables, thus leaving our fourth hypothesis 
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inconclusive, as we were unable to identify clear relationships between the variations and explanatory variables, notably 

stand characteristics and climate, as nearly all explanatory variables had no influence. 

Only the SOC content variation was affected by one of the soil properties: the oxalate-extracted metals in high pH soils, even 570 

though at 90%CI, requiring further confirmation. This result shows the interactions between SOC and reactive minerals can 

occur in a relatively short time at the site level. This can confirm other results, such as Bruun et al. (2010) which found a 

reduced basal soil respiration in relationship with reactive minerals in tropical soils of the same pH range as the high pH 

group, or Dorau et al. (2019) who identified that sequestration of SOM by Fe oxides can be observed within 30 days 

experimentally. But based on other research on SOC mineralisation, we would have expected a positive effect of basic 575 

cations on SOC content variation, as Das et al. (2019) which found a negative effect of Ca2+ and Mg2+ on C mineralisation. 

Like has been observed for SOC content, we did not observe an effect of litter inputs for the C variation. This could either 

confirm the sites were in a steady state considering the average litter inputs, or, if not, a year-to-year change of carbon inputs 

on SOC cannot be identified over a 15–year interval. However, an absence of relationship between litter inputs and C–

variation could also indicate high density-dependence of microbial communities, which could hinder short term variations of 580 

increased C–inputs (Georgiou et al., 2017). 

Nevertheless, the nature of organic carbon allowed to better explain the variation in SOC content between the two 

campaigns. The first model showed an effect of the tree functional group, with more carbon being accumulated in coniferous 

stands compared to broadleaf, a trend already described by Jonard et al. (2017), along the limited effect of reactive metals 

content when pH ≥ 5. However, taking into account the Hydrogen Index of the first campaign allowed a better model, and 585 

showed that HI had a negative effect on the SOC variation, with an increase of SOC in lower values of HI to a decrease at 

highest hydrocarbon content. T50 CO2 PYR had no impact, indicating that this metric does not seem relevant for changes at a 

decadal time frame. The effect of the tree group in the first model and the loss of this relationship when adding HI show the 

main effect of the tree group may arise from a different carbon composition of the carbon in these stands. This relationship 

was confirmed by the model of HI at the second campaign, which showed carbon in conifer stands had a lower HI, thus a 590 

more stable carbon. It would mean a lower decomposition speed allowed a higher accumulation in the soil (Mayer et al., 

2020) for coniferous sites. However, contrary to previous assumptions, litter from coniferous species does not inherently 

decompose more slowly than that from broadleaf species (Augusto and Boča, 2022). The fact that many studies have shown 

a lower rate of decomposition in coniferous forests can be explained by more unfavourable local conditions in these stands 

(Albers et al., 2004; Berger and Berger, 2012). In our models, we integrated several climate and forest-related characteristics, 595 

however their selection or resolution may not be sufficient to identify these adverse effects. The decrease in decomposition 

rate may be due from non-described variables (e.g. polyphenol content – Gallet and Lebreton, 1995), which might be 

reflected in the hydrogen index of our second model. 

Change in SOC content could also be explained by the transfer rate of carbon between the holorganic layer and the mineral 

soil. The negative relationship between the SOC content and the stock change of the forest floor would show that when more 600 

carbon was accumulated in the holorganic layers, less carbon was transferred to the lower layers. Some studies found a 
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disconnect between the O and mineral layers (Liebmann et al., 2020). For instance, an increase in aboveground litter inputs 

could only heighten the stock of the holorganic layer, while the mineral layers undergo only a minimal change, or even a 

decrease (Garten, 2009; Lajtha et al., 2014). This relationship has been recently observed on this dataset (Houballah et al.,  

2026) yet using a carbon dynamic modelling with a modification of the AMG model (Andriulo et al., 1999), allowing a 605 

forest floor compartment and a mineral soil compartment. However, the effects of the forest floor stock variation on the 

variations of SOC and RE indices can originate from differences in the sampling between the two campaigns regarding the 

identification of organic and mineral layers, where part of O or A layer could have been considered as the other one when the 

transition between the two layers could be difficult to distinguish, despite the operators’ best efforts. As stated in the M&M, 

several sites were removed before the analyses in case of substantial perturbations (natural or from forest management), and 610 

when operators had specified that organic and mineral layers have been mixed. For the remaining stands, no observation 

from either campaign made us believe there was an important discrepancy in the sampling, but it was not possible to be 

unequivocal. If there had been a sampling difference, more upper mineral layer should have been considered as organic layer 

during the second campaign given the relationships between forest floor C–variation and SOC content, HI, and T50 CO2 PYR 

of the 0–10 cm layer. 615 

5. Conclusion 

Contrary to previous research on the relationships between SOC and climate, stand and soil properties (e.g. Guidi et al., 

2025; von Fromm et al., 2021), we investigated their effect not only on the SOC content, but also on other descriptors, via 

Rock-Eval® analysis, and on the annual variation of SOC content and RE parameters. We used a priori models, which 

allowed us to consider the effects the various included variables, and we expected a shift in explanatory variables given the 620 

soil pH. We identified already observed effects, such as the positive influence of reactive metals and basic cations on SOC 

content, but these two properties were not exclusive to each other in the studied forest sites and were even cumulative for 

highest pH soils. Furthermore, RE parameters gave more insights on the effect of soil properties on SOC. Thereby, reactive 

metals also increased stability of SOC, regardless of soil pH. 

For the SOC content and RE parameters variation, few characteristics influenced them. The principal one was the variation 625 

of SOC in the holorganic layers, which could stem from a lower stabilisation in the mineral layer when more carbon is 

accumulated in the forest floor. For SOC content variation, we found the nature of SOC, through the HI, gave a better 

explanation than the functional tree group or soil properties. 

A more surprising result was the lack of influence of some variables that are commonly used in models that predict SOC 

dynamics. Notably, mean annual temperature and precipitation in models control SOC decomposition, usually increasing 630 

mineralisation of carbon, and litter inputs are the main carbon source. Given this absence of effect, and the comparatively 

more important influence of soil characteristics on stability proxies of SOC, it would be crucial to better integrate soil 

properties in SOC dynamics models, beyond clay content which is included in some predictive models. Of the various 
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studied properties, reactive metals content is the most ubiquitous one, as it influenced SOC content, HI, T50 CO2 PYR, and 

possibly SOC variation. However, these relationships should be verified in a wider network across a larger pH gradient. 635 

Furthermore, the nature of the SOC should be considered, given the important effect of HI on the SOC variation. Though, 

several models are already incorporating a variation in decomposition rate of different pools of carbon (e.g. Yasso – Viskari 

et al., 2022). 
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