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1

1 Introduction

2

Understanding the multifunctional role of soil in ecosystem functioning is crucial, and soil

3

scientists have recently give more importance to quantifying the contribution of soils to climate

4

change mitigation (Paustian et al., 2016). The soil system is considered a significant terrestrial

5

sink of carbon. Therefore, quantifying and mapping Soil Organic Carbon (SOC) change over

6

time is crucial to manage agroecosystems sustainably and preserve soil resources at multiple

7

scales, from local to global. The landscape scale appears to be a relevant scale for addressing this

8

issue for the environment and agroecosystems (Viaud et al., 2010). This scale allows interactions

9

between SOC dynamics and natural and anthropogenic processes to be considered.

10

Two approaches can be explored to assess change in stocks of SOC (SSOC): process-based

11

models and inventory measurement systems (De Gruijter et al., 2016). Applying each method

12

depends largely on data availability and cost-effectiveness. In general, process-based models are

13

not expensive and are strongly recommended for predicting small-scale temporal change in SOC.

14

This approach consists of applying a dynamic SOC model to each pixel under different scenarios

15

of change in land use or land management practices that influence carbon inputs and outputs

16

(Minasny et al., 2013). Spatially explicit information about erosion and deposition can also be

17

included, as done by Walter et al. (2003), who performed field-scale simulations of

18

spatiotemporal evolution in topsoil organic carbon at the landscape scale over a few decades and

19

under different agricultural practices. In a recent study, Lacoste et al. (2016) assessed long-term

20

impacts of soil redistribution on the evolution of SSOC in a hedgerow landscape using a

21

spatiality explicit landscape model. These authors coupled the soil-redistribution model LandSoil

22

with the SOC-dynamics model RothC to perform 90-year simulations. They used soil data

23

collected in 2010 following Conditioned Latin Hypercube sampling and climate data predicted
1

24

from an available dataset (1980-2010) considering similar trends and using statistical methods.

25

Overall, this study indicated that considering SOC content change over time should improve the

26

modelling of SOC sequestration and consequently the accuracy of predicted sequestration rates.

27

Although process-based soil models are the approach used most to estimate SOC change

28

(Grunwald, 2009), they have two main drawbacks. First, they do not cover the existing wide

29

range combinations of climate, soil type, and management practices (De Guijter et al., 2016).

30

This implies a lack of parametrization for several combinations that influence soil formation and

31

the soil-landscape system. Second, such models use soil data collected over a given period and do

32

not incorporate the temporal dimension of SOC content change in the modelling process. More

33

importantly, SOC dynamics models should provide accurate predictions of SOC change in

34

manageable spatial units, but the disconnect between mechanistic modelling of soil carbon

35

dynamics and advances in soil carbon mapping remains a great challenge (Minasny et al., 2013).

36

The second approach that can be explored to assess SOC change is based on monitoring

37

networks. They consist of performing direct measurements of SOC content over time by

38

revisiting and resampling soils at the same location. To determine trends, SOC is usually directly

39

measured repeatedly by revisiting intensively sampled sites, mainly to reduce short-range

40

variability and thus maximize detection of change. Measuring SOC content for a reasonable

41

number of sampling sites allows SSOC to be extrapolated between the sites for an entire area,

42

using an appropriate method. For an area with a proper monitoring network, SOC change can be

43

predicted and mapped using spatiotemporal models. For example, Bellamy et al. (2005) assessed

44

SOC change across England and Wales using a dataset from national soil inventories for 1978-

45

2003. Their results showed a mean decrease in SOC of 0.6 % year-1 over the survey period.
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46

Classical statistical approaches that can be applied to estimate temporal change from direct soil

47

measurements are either design-based or model-based (Papritz et al., 1995). In the first case, the

48

sampling locations are selected by probability sampling and the inference of the statistical

49

parameters is based on the sampling design used to select the sampling locations (De Gruijter et

50

al., 2006). Typical applications are to estimate global quantities in space-time, e.g. evolution of

51

soil carbon stocks at farm scale in a context of carbon auditing (Wheler, 2014; De Gruijter et al.,

52

2016) where the total difference of SSOC between two dates is the target attribute which

53

uncertainty must be assessed. By contrast, model-based approaches make no assumption on the

54

sampling design but the spatial distribution of the property is considered as a realization of a

55

random process and inference is based on a stochastic model of the variation in space (Lark and

56

Cullis, 2004). Typical applications are mapping spatial variations of a property by taking profit of

57

the existing samples and the spatial autocorrelation of the target variable, e.g mapping SSOC

58

over a domain (Eglin et al., 2008; Chaplot et al., 2009)

59

Assessing SOC change can take advantage from the development of digital soil mapping (DSM)

60

approaches. Several DSM techniques have recently proven to be efficient to spatially predict soil

61

attributes especially when direct soil measurements are scarce but environmental covariates, at

62

high spatial resolution, are available (Hengl el al., 2018). This concept was initially developed by

63

McBratney et al. in 2003 and relies on the construction of soil attributes prediction models as a

64

function of a set of environmental covariates, which include inherent soil properties, landscape

65

topography features and land use. The main advantage of this model is that both quantitative and

66

categorical soil and environmental variables can be considered as explanatory covariables. In the

67

DSM literature, many studies have attempted to predict and map SSOC a fixed period of time

68

(Arrouays et al.,2002; Malone et al., 2011; Lacoste et al, 2014; Chartin et al., 2016; Hinge et al.,

3

69

2018) but very few studies have mobilized DSM techniques to map SOC change as done Wheeler

70

in 2014. This researcher used a legacy soil data and environmental covariates to map SOC in

71

1990 in the southern part of New South Wales, Australia, using rules based models. The SOC

72

status in 2030 was then estimated under a likely climate change scenario and the map of SOC

73

change was generated considering estimates of the bulk density.

74

The purpose of this study was to map SSOC change (t C ha-1 year-1) between 2009 and 2016

75

within a rural landscape by combining direct measurement of SOC change for a network of

76

monitoring sites and DSM modelling. Uncertainties were assessed at two different scales, at the

77

point scale and the landscape scale, to characterize the impact of the upscaling process.

78

2 Materials and Methods

79

2.1 Study area

80

The Zone Atelier Armorique (NW France, 48° 36’ N, 1° 32’ W), located in north-western France,

81

covers 10 km² (Fig. 1). This study area, part of the European Long‐Term Ecosystem Research

82

Network, has large soil heterogeneity over short distances (Lacoste et al., 2014). Soils are

83

developed on shale and granite with a loamy cover. The main soil types are Cambisols and

84

Luvisols, but the site also contains Leptosols and Fluvisols developed from alluvial and colluvial

85

deposits (IUSS Working Group WRB, 2007). Its topography is strongly related to geological

86

formations: a plateau on granite (southern end), a plain on soft schist (northern end), and a

87

hillside on hard schist (transition between granite and soft schist) (Lacoste et al., 2014). The

88

study site also has a marked micro‐topography, related mainly to existing or former hedgerows

89

and banks. Most of the farms are mixed crop-livestock farms and main land cover are annual

90

crops (e.g. maize, wheat, barley) and temporary or permanent grasslands, but the study site also
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91

includes woods and natural areas. A full inventory of crops and pastures is collected each year by

92

a combination of field and remote sensing surveys: crop rotations differ depending on the

93

farming system and include succession of annual crops (predominantly wheat and maize), annual

94

crops following or followed by grassland, continuous grassland and finally natural areas (Fig. 1)

95

2.2 Quantifying changes in soil organic carbon

96

2.2.1

97

Soil was sampled twice in 2009 and 2016 to quantify changes in SSOC over 7 years. The initial

98

sampling strategy was based on 64 points selected using conditioned Latin Hypercube Sampling

99

(cLHS). This method is a form of stratified random procedure that ensures an efficient way of

100

sampling variables from their multivariate distributions (Minasny and McBratney, 2006). cLHS

101

uses environmental covariates to select points that represent the study area well. In our study,

102

four auxiliary variables were used: elevation (50 m of resolution), the topographic wetness index

103

(Beven and Kirkby, 1979; Merot et al., 2003), the natural gamma emission of potassium

104

(Bonijoly et al., 1999), and grassland frequency over 15 years (1993-2007).

105

2.2.2

106

The 64 points were first sampled in May-June 2009 and resampled in April 2016 using a global

107

positioning system with an accuracy of 3 m. Samples for SOC content analysis were taken with a

108

7 cm diameter manual auger at four depths (0‐7.5, 7.5‐15, 15-30, and 30-45 cm): at each location,

109

a composite sample was obtained by mixing four sub-samples collected within a radius of 1 m to

110

attenuate local variability. A total of 256 composite soil samples were collected at each date, and

111

total carbon content was measured by dry combustion with a CHN analyser (Thermo Finnigan

112

EA 1112) according to the ISO 10694 certified method. As soil inorganic carbon may be

113

considered negligible in the pedological context of the study area, SOC content was directly

Data collection

Assessment of SSOC change
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114

derived from the total carbon measurement. Bulk density was measured at each site and for each

115

depth using an 8 cm diameter root auger, which cored undisturbed samples of known volume

116

(377 and 754 cm3 for the first two and last two layers, respectively). All samples were oven dried

117

at 105°C, weighted, and sieved at 2 mm. Samples were then weighted again to determine gravel

118

content. In this study, we considered the bulk density of the fine earth fraction calculated from

119

the dry mass and the core volume after being corrected for gravel content. At 6 randomly selected

120

points, two additional replicates were taken to quantify the precision of local estimates of bulk

121

density. Therefore, considering the maximum soil depth, 69 soil samples were used to assess bulk

122

density uncertainty. As for bulk density, 30 replicates of SOC content analyses were performed to

123

quantify the precision of SOC measurements.

124

Carbon stock was calculated considering a mass coordinate system, which attempts to correct for

125

differences in bulk density over time (Minasny et al., 2013). The method consists of reporting

126

carbon content for a fixed mass of soil mineral material (IPCC, 2006) by converting SOC content

127

measured in soil layers to cumulative mineral mass and cumulative SOC content. This approach

128

allows comparison of the change in SSOC between two dates for any given mineral mass,

129

following three steps:

130
131

1. Calculate the mineral mass of each layer (0-7.5, 7.5 -15, 15-30, and 30-45 cm).
m = Z × ρ × fmin

[1]

132

where Z = thickness of the layer (m), ρb

133

fraction (kg m-3), and fmin = the mineral fraction (kg kg-1)

134
135

136

=

volumetric mass density of the fine earth

2. Calculate cumulative mineral mass at each point (i) by summing the mineral mass

of

the n soil layers (j):
M =

[2]

6

137

3. Calculate cumulative carbon stock. The amount of carbon for a given mineral mass (150,
300, and 450 kg m-²) was estimated by linear interpolation:

138

=

139

[3]

140

Finally, the SOC stock change per year was calculated for a 300 kg soil mineral mass (≈30 cm)

141

at each sampling site using the interpolation function implemented in stats R package (R Core

142

Team, 2017).

143

2.2.3

144

According to Uusitalo et al. (2015), uncertainty stems from various source that can be divided

145

into 6 categories: inherent randomness, measurement error, systematic error, natural variation,

146

model uncertainty and subjective judgement. In our study, uncertainties were assessed for the 64

147

points using Monte-Carlo simulations by varying bulk density, soil carbon content and thickness

148

of soil layer. The Monte-Carlo approach used a normal probability distribution of all input

149

variables used for SSOC calculation (Table 2) to generate a final probability distribution of the

150

targeted variable. To achieve this, we used @ Risk software ver.4 (Palisade, 2005) with 1000

151

iterations.

152

2.2.4

153

To model the spatial distribution of SSOC change over time at the landscape scale, we used a set

154

of 15 maps of predictor variables as shown in Table 1. Topographic and geomorphometric

155

variables were derived from a 50 m resolution digital elevation model using ArcGIS 10.3

156

software (ESRI, 2012) and the MNTsurf software developed by Squividant (1994). Soil parent

157

material was derived from legacy geological maps and gamma radiometry using machine

158

learning techniques (Lacoste et al., 2011). Predictor variables describing land use and crop

Estimation of SSOC uncertainty at point scale

Environmental covariates for spatial modelling
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159

rotation stem from systematic field and remote sensing surveys carried out over the past eight

160

years.

161

2.2.5

162

Two approaches were explored for spatial modelling of SSOC change within our study area: Fig.

163

2 details the different steps followed for each approach.

164

The first method consisted in performing stepwise multiple linear regression (MLR) (Hocking.,

165

1976) implemented in MASS R package (R Core Team, 2017), in order to explain SSOC change

166

by covariates linked to land cover between 2009 and 2016: annual land cover, crop rotation and

167

grassland frequency between 2009-2016. The model was calibrated with SSOC change computed

168

from the 64 soil samples collected in 2009 and 2016. Spatial autocorrelation of model residuals

169

was checked to evaluate if a regression-kriging approach (Odeh et al., 1995) may be developped.

170

The second method consists in applying the SCORPAN model mobilizing a wider range of

171

covariates characterizing both inherent soil properties and soil-landscape features using

172

RandomForest model (Breiman, 2001; Liaw and Wiener, 2002). This model was calibrated using

173

the same soil data expressing SSOC change and 15 environmental attributes covering the whole

174

study area. The spatial autocorrelation of model residuals was also checked.

175

The performance of the two models: stepwise MLR- kriging model and Random Forest model

176

was assessed using internal validation method and the best approach was chosen to spatially

177

predict the target soil attribute within our study area using three error indexes: i) mean absolute

178

error (MAE, Eq. 4), ii) root mean square error (RMSE, Eq. 5), and the coefficient of

179

determination (R²), which measures the deviation between observed and predicted values (Eq. 6).

180
181

Spatial modelling of SSOC change at landscape scale.

=

∑

| ̂ −

|

where

xi = measured delta SSOC

[4]

̂ = predicted delta SSOC
8

=

182

∑

( ̂ −

)²

[5]

i = point (1- 64)

183
184

x = mean delta SSOC

"

=

∑&
$'((#$ %#̂$ )²

∑&
$'((#$ %#)²

[6]

185

Uncertainties of SSOC change predictions were estimated by constructing 95% confidence

186

intervals using K-means fuzzy clustering of the residuals from the Random Forest models

187

(Malone et al., 2011). This approach consists on dividing the conceptual space into clusters

188

sharing a similar distribution of error. Specifically, we i) performed fuzzy classification of the

189

conceptual space based on the training dataset, ii) constructed model error for each cluster, and

190

iii) determined confidence intervals of predictions for each cluster.

191

3 Results

192

3.1 Point measurements of SSOC at two dates

193

SSOC at different soil mineral masses (150, 300, and 450 kg m-2) increased overall from 2009 to

194

2016 (Fig. 3a). At a mineral mass of 300 kg m-2, mean SSOC was 5.24 kg m-2 (50.24 t C ha-1) in

195

2009 and 5.76 kg m-2 (50.76 t C ha-1) in 2016, giving a mean increase in SSOC of 0.51 ± 0.12 kg

196

m-2 (5.1 t C ha-1). Fig. 4 shows the evolution of SSOC change for the 64 sites, with their limits of

197

the 90% CI at 300 kg m-2. Overall, high variability among soil observations change was

198

highlighted. Added to this, associated limits of the 90 % CI were not constant and varied among

199

sites.

200

3.2 Point assessment of SSOC change at measurement sites

9

201

SSOC varied greatly among the 64 points depending namely on the land use trajectory

202

concerned. Mean (± 90% confidence interval (CI)) annual change in SSOC was 0.73 ± 0.18 t C

203

ha-1 year1.

204

Fig. 4 shows the evolution of SSOC change for the 64 sites, with their limits of the 90% CI at

205

300 kg m-2. Overall, high variability among soil observations SSOC change was highlighted.

206

Added to this, associated limits of the 90 % CI, was not constant and varied among sites.

207

Furthermore, crop rotations implemented between 2009 and 2016 led to differences in SOC

208

sequestration. The levels of storage that the crop rotations entail are listed in Table 3. For

209

instance, high increase in SOC storage characterises continuous grassland system (1.40-± 0.31 t

210

C ha-1 year-1). A similar trend was shown when croplands were converted to grasslands (0.94 ±

211

0.29 t C ha-1 year-1) and under continuous annual crops (0.82± 0.26 t C ha-1 year-1). However,

212

lower rate of SSOC change was obtained for annual crops to grassland rotation (0.42-± 0.18 t C

213

ha-1 year-1). As a result of the agriculture practices implemented, the accumulation of SOC was

214

detected at almost all the sampling sites from 2009 to 2016 and a positive correlation

215

characterised the relationship between SSOC at two dates (r²=0.68) (Fig. 3b).

216

3.3 Comparing SSOC change models

217

We investigated the effect of land cover, crop rotation and grassland frequency since 2009 on

218

SSOC change. These covariates were used as explanatory variables and SSOC change as

219

response variable. Using stepwise MLR model, only crop rotation covariate was selected to build

220

up the regression model. Table 4 gives summary statistics of this MLR model where only crop

221

rotation was selected as predictor variable. The results show that crop rotation accounts for only

222

20 % SSOC change variability. Thus, SSOC change may be highly variable for a same modality

223

of crop rotation.
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224

The constant coefficient which represents continuous annual crops modality was significant at α=

225

0.01. Permanent grasslands and grassland to crop rotation coefficients were significant at level of

226

α=0.05. The F-statistic of the regression was 4.83 and the regression found to be significant at

227

α=0.01.

228

As model residuals showed a spatial autocorrelation, they were kriged over the study area and

229

were added to regression map to generate a final map of SSOC change at the extend of interest.

230

Internal validation gives R² = 0.23, concordance = 0.30, MEA= 1.3 t C ha-1 year-1, RMSE= 1.1 t

231

C ha-1 year1 and bias= -7.77 10-6 t C ha-1 year-1.

232

A larger panel of predictors was used to construct the Random Forest regression tree for SSOC

233

change (Fig. 5). Predictors with high influence on the predictions included inherent soil

234

properties such as soil parent material, and certain terrain attributes describing soil hydromorphic

235

conditions and the contrasting topography. Other variables also appeared important in the

236

condition rules, namely crop rotation system. Model residuals showed no spatial autocorrelation

237

and error indices of the predictive model derived from internal validation are R² = 0.92,

238

concordance = 0.84 MEA = 0.31 t C ha-1 year-1, RMSE = 0.39 t C ha-1 year-1, and bias= 0.012 t C

239

ha-1 year-1.

240

When comparing internal validation results of both models, MLR regression kriging model and

241

Random Forest model, we note that the second model achieved highest R² and concordance

242

coefficients and lowest RMSE, MEA, and bias. Therefore, Random Forest model was used to

243

spatially predict SSOC change over the study area.

244

3.4 Mapping of SSOC change at the landscape scale

245

When mapped, SSOC change for a 300 kg mineral mass ranged from -1.00 to 2.8 t C ha-1 year-1

246

(mean = 0.98 t C ha-1 year-1) and showed high spatial variability (Fig. 6b). Highest values were

11

247

found mainly in waterlogged soils under permanent grasslands. Similarly, zones with high

248

vegetation cover, particularly woods, and less human development, located on steep slopes,

249

showed high SSOC change. The spatial variability of SSOC change was driven mainly by soil

250

redoximorphic conditions, which varied greatly within the study site.

251

4 Discussion

252

4.1 Estimates of SSOC change and associated uncertainties

253

Within a given area and a short time span, SSOC change is principally driven by evolutions in

254

agriculture practices and crop rotations. Considering the direct measurements at 64 points, mean

255

(± 90% CI) annual change in SSOC (at 300 kg m-2 of soil mineral mass (≈30 cm)) was 0.94 ±

256

0.29 t C ha-1 year-1 when croplands were converted to grassland and 1.40 ± 0.31 t C ha-1 year-1

257

under continuous grassland. By comparison, mean carbon sequestration of French soils in the 0-

258

30 cm topsoil layer has been estimated at 0.49 ± 0.26 t C ha-1 year-1 on conversion of cropland to

259

grassland (Arrouays et al., 2002) and can reach 1 t C ha-1 year-1 for grassland systems involving

260

high amounts of organic fertilisation (Gac et al., 2010). In our study, when grassland was

261

converted into cropland, mean (± 90% CI) carbon sequestration (at 300 kg m-2 of soil mineral

262

mass) was 0.42 ± 0.18 t C ha-1 year-1, which is a three times lower decrease than the French mean

263

of -0.95 ± 0.3 t C ha-1 year-1 in the 0-30 cm soil layer (Arrouays et al., 2002). The observed

264

difference may be explained by the time step considered, as Arrouays et al.’s (2002) findings

265

were based on a 20-year scenario while our results were based on a 7-year time step. Added to

266

this, since 2009, farmers introduced more and more winter catch crops between two successive

267

main crops and these catch crop are generally not harvested but introduced into the soil (Viaud et

268

al., 2018). Another striking factor was the development of minimum tillage, which could also
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269

explain positive evolution of SSOC within the study area through increased SOC inputs and

270

slow-downing of SOC mineralization process.

271

Uncertainties of the SSOC change indicator were mainly related to the spatial variability of SOC

272

contents, agriculture practices and measurement methods. We sought to minimise spatial

273

variability in 2016 by returning as close as possible to the 2009 points and by mixing samples

274

taken at 1m distance, but residual spatial variability remained over short distances. The accuracy

275

of the global positioning system used (3 m) explains some of these uncertainties. The soil is

276

defined as a phenomenon that varies at different scales in space and over time thereby affecting

277

soil properties, especially SOC content, which is particularly affected by agriculture practices and

278

landscape features like distance from hedgerows (Lacoste et al., 2014).

279

We estimated uncertainties at two different scales: (i) at the point scale by Monte-Carlo

280

simulations considering the 64 sampling points and (ii) at the landscape scale by fuzzy clustering

281

of the residuals from the RandomForest model. Comparing the CI of SSOC change at the 64

282

points (Fig. 4) and the maps of the mean SSOC change (Figs. 6a and 6c) highlights an increase

283

in uncertainty due to upscaling from the punctual scale to the landscape scale: the CI of the 64

284

points was 0.4 - 0. 8 t C ha-1 year-1, while that of spatial modelling was 0.9 - 1.5 t C ha-1 year-1.

285

This issue was largely discussed by Dignac et al. (2017), who confirmed that upscaling from the

286

fine spatial scale to landscape and global scale is a crucial issue that generates high uncertainties.

287

Thus, our results demonstrate high carbon sequestration rates associated with high uncertainties

288

amplified by spatial modelling. This challenge is mainly due to the complexity of carbon

289

sequestration processes, which can be achieved through changes in land use and agricultural

290

practices (Minasny et al., 2017). From a practical point of view, the SSOC greatly depends on the

291

land use patterns and agriculture practices implemented such as the addition of exogenous

292

organic matter, tillage, and fertilisation (Dignac et al., 2017). Actually, our results show that
13

293

SSOC change over time are highly variable for a same crop rotation and that land cover explains

294

by itself only a relatively small fraction of the time evolution. This may be explained by the

295

influence of other factors impacting the SOC dynamics namely local topographical and

296

pedological conditions, but also by the practices adopted by the farmer to grow a given crop:

297

tillage, crop residues management, exogeneous organic matter inputs, grazing density, yield

298

levels have a major effect on the quantity and quality of fresh organic matter inputs into the soil

299

and considerably affect their dynamics. Inputs of organic matter to the soil, which mainly depend

300

on the number of grazing animals or mowing frequency in grasslands, as well as on crop residues

301

and exogenous organic matter in agriculture systems, promote SOC storage (Dignac et al., 2017),

302

but may be variable according to the farming systems and the field. These practices markedly

303

affect soil properties including soil physical structure (Dignac et al., 2017), soil microbial

304

biomass and microbial activity (Tu et al., 2006) and consequently the distribution of SSOC in

305

space and over time (Dignac et al., 2017).

306

Despite the importance of these factors, they could not be directly included in SSOC spatial

307

modelling due to lack of appropriate spatialised data. In addition, our findings emphasise that

308

using land use as a proxy of agriculture practices and crop rotations leads to very uncertain

309

estimates of SSOC change. Thus, although direct measurement of SSOC change is costly and

310

hampered by measurement uncertainties, they appear still essential to ensure unbiased assessment

311

of soil carbon storage at landscape scale.

312

5 Conclusions

313

The SSOC change was assessed and mapped at the landscape scale by coupling direct soil

314

monitoring and machine-learning regression modelling. Our study is innovative because in the

315

soil science literature, to our best knowledge, no other study tried to apply machine-learning on
14

316

datasets of SSOC change measurements to map SSOC change in space and time. Predictive

317

models were used to elucidate topographical, geological, pedological factors and human activities

318

that caused patterns of spatial distribution. The main results showed that the spatial heterogeneity

319

of SSOC change was driven by crop rotations, topographic attributes, and local soil conditions

320

(waterlogging, soil parent material). These factors could be captured by the regression model and

321

spatially represented. Other important factors such as agricultural practices may also influence

322

the SOC dynamics and could not be informed at each point and therefore were not considered by

323

the model. This study reveals complex interactions in storing SOC, which may have implications

324

for future planning and monitoring of agro-ecosystems and can be integrated into land-use

325

decision-making.
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Figure captions
Figure 1. Location of the study area in France and of the soil sampling points within the study
area and for different crop rotations.

353
354
355

Figure 2. Diagram of the 4‐step method used to map SSOC change across the landscape scale at
10m of resolution (RF: Random Forest models, SMLRK: stepwise multiple linear regression
kriging model)

356
357
358
359

Figure 3. a) Mean and 90% confidence intervals of soil organic carbon (SOC) stock in 2009 and
2016 for different soil mineral masses. b) 2016 SSOC versus 2009 SSOC at the 64 sampling
points for a mineral mass of 300 kg m-2. Blue line: y= 1.55+0.79x regression line (r²=0.69);
dashed red lines: 95 %predictive interval; grey zone: 95% confidence interval.

360
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Figure 4. Mean and 90% confidence intervals of SSOC change calculated for the 64 prospected
sites using Monte Carlo simulations.
Figure 5. Importance of predictor variables in the RF modelling of SSOC change between 2009
and 2016.

362
363
364

Figure 6. Maps of SSOC change between 2009 and 2016 within the 10 km² study area: a) lower
bound of the 90% confidence interval (CI) of SSOC change, b) mean SSOC change, c) upper
bound of the 90% CI of SSOC change.

16

365

Table headings
Table 1. Description of the environmental covariates selected
Table 2. Probability distribution for input variables used in the Monte-Carlo procedure to
estimate SSOC uncertainty at the 64 sampling points. Standard deviations for derived from
replicates measurements for SOC content (n=30) and bulk density (n=69).
Table 3. Median values of SSOC change for different crop rotations betwenn 2009 and 2016
Table 4. Summary statistics of stepwise MLR regression model
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Figure 1. Location of the study area in France and of the soil sampling points within the study area
and for different crop rotations.
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371

Figure 2. Diagram of the 4‐step method used to map SSOC change across the landscape scale at
10m

of resolution (RF: Random Forest models, SMLRK: stepwise multiple linear regression

kriging model)
372
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Figure 3. a) Mean and 90% confidence intervals of soil organic carbon (SOC) stock in 2009 and 2016 for different soil
mineral masses. b) 2016 SSOC versus 2009 SSOC at the 64 sampling points for a mineral mass of 300 kg m-2. Blue
line: y= 1.55+0.79x regression line (r²=0.69); dashed red lines: 95 %predictive interval; grey zone: 95% confidence

∆SSOC (t ha-1 year-1)

0.73

Mean ± 90% confidence intervals
Figure 4. Mean and 90% confidence intervals of SSOC change calculated for the 64
prospected sites using Monte Carlo simulations.

Figure 5.
Importance of

predictor

Variable importance (%)
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variables in the RF modelling of SSOC change between 2009 and 2016.
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(b)
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-2.71 - -2.45

-2.45 - -2.26
-2.26 - -2.07

-2.07 - -1.86

-1.86 - -1.65

-1.65 - -1.44

-1.44 - -1.20

-1.20 - -0.82

-0.82 - -0.19

3.10 - 3.69

2.75 - 3.10

2.25 - 2.48
2.48 - 2.75

2.02 - 2.25
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1.37 - 1.59
1.59 - 1.79

1.11 - 1.37

-0.24 - 1.11

SSOC change (t ha-1 year-1)

(c)

Figure 6. Maps of SSOC change between 2009 and 2016 within the 10 km² study area: a) lower bound of the 90% confidence interval22(CI) of
SSOC change, b) mean SSOC change, c) upper bound of the 90% CI of SSOC change.

-1.00 - 0.22

SSOC change (t ha-1 year-1)

-3.13 - 2.71

SSOC change (t ha-1 year-1)

(a)

Table 1. Description of the environmental covariates selected

Summary of environmental covariates. P: parent material; R: relief; O:organisms; C: categorical;
Q: quantitative.
Label

Environmental covariate

SCORPAN factor Type Unit or number

Terrain attributes derived from the digital elevation model
elev
Elevation
R
Slope
Local hillslope gradient
R
Vcurv
Profile curvature
R
Hcurv
Tangential curvature
R
Tcurv
Total curvature
R
MWi
Modified topographic wetness index R
Geology
MP
Soil parent material
P
Organism
OS-09
Land cover in 2009
O
OS-10
Land cover in 2010
O
OS-11
Land cover in 2011
O
OS-12
Land cover in 2012
O
OS-13
Land cover in 2013
O
OS-14
Land cover in 2014
O
OS-15
Land cover in 2015
O
OS-16
Land cover in 2016
O
Rotation Crop rotation
O

Q
Q
Q
Q
Q
Q

m
%
m.100m-1
6 classes
6 classes
5 classes

C

6 classes

C
C
C
C
C
C
C
C
C

5 classes
5 classes
5 classes
5 classes
5 classes
5 classes
5 classes
5 classes
5 classes

Table 2. Probability distribution for input variables used in the Monte-Carlo procedure to
estimate SSOC uncertainty at the 64 sampling points. Standard deviations for derived from
replicates measurements for SOC content (n=30) and bulk density (n=69).
Input variable

Distribution

Parameters

Thickness of soil layer: Z (07.5 cm)

Normal

Mean=Z
Standard Dev.=0.5 cm

Thickness of soil layer: Z (7.5
-15 cm)

Normal

Mean=Z
Standard Dev.=1 cm

Soil organic carbon content:
SOC (g kg-1)

Normal

Mean=SOC
Standard Dev.=2 g kg-1

Bulk density: BD (g cm-3)

Normal

Mean=BD.
Standard Dev.=0.03 g cm-3
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Table 3. Median values of SSOC change for different crop rotations betwenn 2009 and 2016

Crop rotations

Continuous grassland
Annual crops rotation (without
grassland)
Annual crops rotation to Grassland
Grassland to annual crops rotation

( SSOC) at 300 kg m-2 soil
mineral (t C ha-1 year-1)

Number of sites

1.40 ± 0.31
0.82 ± 0.26

14
26

0.94 ± 0.29
0.42 ± 0.18

15
6

Table 4. Summary statistics of stepwise MLR regression model

Coefficients

Estimate
0.9
-0.1

Standar error
0.31
0.72

t-value
2.86
-0.14

Constant
Annual crops rotation to
Grassland
Continuous grassland
1.17
0.53
2.22
Grassland to annual crops
-1.08
0.51
-2.08
rotation
Multiple R-squared: 0.20
Adjustes R-squared: 0.16
F-statistics: 4.82
p-value: 0.004
Signif. codes 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Significance
0.005**
0.88
0.03*
0.04*
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