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Carbon soil stock change in an intensive crop field near Paris
reveals significant carbon losses over a decade
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Abstract. Soil is a large pool of carbon (C), storing globally twice as much carbon as the atmosphere and three
times as much as vegetation. Soil organic carbon (SOC) stocks are significantly impacted by land-use changes,
either negatively when forestsor grasslands are converted into crops or positive ly when the opposite occurs. This
context underpins the “4per1000” initiative, which aims to promote SOC storage in soils as a mitigation strategy.
Howewer, intensive cropping and climate change may lead to losses of organic and inorganic carbon from soils,
which calls for long-term observations of soil organic carbon stocks in reference ecosystems worldwide. To ad-
dress this, a harmonised reference soil sampling protocol was developed for all ecosystem sites within the Euro-
pean Integrated Carbon Observing System (ICOS) research infrastructure, starting in 2017 with revisits planned
every 5-10 years. This study presents afirst case at the French cropland site FR-Gri (wheat—maize—barley—oilseed
rape rotation), assessing SOC stock in 2019 with the ICOS protocol, which was combined with earlier SOC stock
sampling data from the European project CarboEurope. A significant soil decompactionwas observed over the
13.5 years inthe 0-30 cm layer. Bulk density decreased by 22% in the 0-5 cm layer (from 1.31t0 1.02 g cm-3) and
by 5% in the 5-30 cm layer (from 1.53 to 1.45 g cm-2), likely due to the adoption of reducedtillage since 2004.
SOC content increased by 10% in the 0-5 cm layer but declined by 6.2% in the 5-30 cm layer. The SOC stocks
based on equivalent soil mass (ESM) increased by 7.6% in the 0-5 cm layer, but decreased by 11% and 9% in the
5-30 cmand 30-60 cm layers, respectively. Overall, the ESM-based SOC stock inthe 0-60 cm layer decreased by
approximately 0.95 +0.22 kg C m-2(or 9 Mg C ha!) between 2005 and 2019, corresponding to 0.65% yr-! relative
to the initial SOC stock (~11 kg C m-2 in the 0—60 cm layer). This leads to an average yearly decrease rate of 0.072
+0.017kgC m2yrt(or0.72 + 0.17 Mg C ha! yr1), consistent with previous studies. To further interpret this
trend, we applied the soil carbon cycling model AMG to simulate soil carbon dynamics down to a 30 cm depth
from 2005 onwards. Based on site-specific exports and imports and estimated residue returns, the model predicted
a SOC stock decline larger than the observed one in the 0-30 cm depth, stabilising around 2028, assuming man-
agement stays the same in the future. By 2040, SOC stocks are projected to decline to 6.9 kg C m™2, representing
an approximate 15%  reductionfromthe 2005 baseline. Furthermore, the AMG simulationwas also consistentwith
the carbon flux balance reported by Loubet et al. (2011) for the period between 2006 and 2010. The observed
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decrease in SOC stocks may be attributed to a shift towards larger exports, lower residue returns, and reduced
carbon imports at this site compared to past management practices. This study highlights the importance of high-

quality SOC stock change monitoring, as developed within the ICOS research infrastructure.

1 Introduction

Soil is one of the largest reservoirs of carbon (C) and nitrogen (N) in the terrestrial biosphere. Globally, soils store
approximately 1500- 2400 Gt of organic C (SOC) in the upper meter (Batjes, 1996; Sanderman etal., 2017) and a
comparable amount as inorganic C to a depth of 2 m (Zamanian et al., 2021), far exceeding the carbon stored in
the atmosphere and vegetation combined (Antén et al., 2021). Hence, minor changes in SOC stocks can have
substantial impacts on atmospheric carbon dioxide (CO2) concentrations and climate feedbacks (Minasny et al.,
2017).

Agricultural management is a major driver of SOC dynamics through its control of organic matter inputs, soil
disturbance, and residue incorporation, in interaction with climate and soil properties (Paustianet al., 2016). In-
tensive farming practices, suchas simplified croprotations, frequent tillage, and high fertiliser use, have commonly
been associated with SOC losses by accelerating organic matter decomposition and reducing C inputs to soils
(Autret et al., 2016; Schmidt et al., 2011; Six et al., 2002). Conversely, management practices that enhance C
inputs (mineral fertilisation, diversified crop rotation, cover crops, organic amendments) and reduce soil disturb-
ance (reduced-tillage and no-tillage) have been shown to promote SOC accumulation or slow SOC losses (Lal,
2004; Poeplauand Don, 2015; Schmidtetal.,2011). Based ona review of practices, it has been hypothesised that
generalising C storing practices could increase C sequestration in the upper metre of agricultural soils by 2 to 3 Pg
C yr!, which roughly corresponds to 4 per 1000 per year of the current C stock (Minasny etal., 2017). However,
such estimates remain highly uncertain and variable in space, while major concerns remain on the persistence of
soil carbon gains over time as soils approach a new equilibrium (Baveye et al., 2018; Franzluebbers et al., 2012).
In Europe, current bottom-up inventories show croplands as a net C source of 10£9g C m=2yr-!, whereas grass-
lands and forestsactas net C sinks 0of57+34gCm=2yr'and 20+ 12 g C m2 yr !, respectively (Schrumpfetal.,
2011;Schulze etal., 2009). However, top-down estimates of terrestrial C budgets indicate that European terrestrial
ecosystems are an overall sink of approximately -100 Tg C yr-1, but with considerable associated uncertainties of
1360 Tg C yr! (Petrescuetal., 2021). Accurately quantifying temporal changes in SOC stocks remains asignifi-
cant source of uncertainty interrestrial carbon budgets.

Reliable monitoringof SOC stocks requires accurate quantification of the bulk density (BD), the fine earth fraction
(FE, the fractionof soil below2 mm), and the carboncontent, throughout the soil profile (Molteni and Corti, 1998),
as well as a sufficiently dense sampling design to reduce uncertainty associated with spatial variability (Batjes,
1996). Bulk density measurements are often complex and time-consuming, particularly in rocky soils, and are
therefore frequently estimated using pedotransfer functions (PTFs). However, the use of PTF-derived BD can
introduce systematic bias, particularly when rock fragments (RF) are inadequately accounted for, or when circular
predictorssuchas SOC contentare used (Schrumpfetal., 2011; Xu etal., 2015). But bulk density can substantially
vary over decades, inresponse to management practices, soil compaction and decompaction, erosion, and climate-
driven soil processes suchas wetting—drying cycles, freeze—thaw dynamics, and shrink—swell behaviour of clay
soils (Hopkins et al., 2009). Because BD directly determines soil mass, such variations critically affect estimates

of SOC stock over time.
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To address this issue, Ellert and Bettany (1995) proposed the equivalent soil mass (ESM) method as an alternative
to the fixed depth (FD) method for measuring SOC stock changes. In the FD method, SOC stock changes are
evaluated at constant soil depths and can induce significant biases when BD varies over time (Beem-Miller etal.,
2016).Inthe ESM approach, SOC stocks are evaluated for aconstantsoil mass per unit area, thereby compensating
for changes in BD by adjusting the soil depth accordingly (Ellert and Bettany, 1995; von Haden et al., 2020;
VandenBygaart and Angers, 2006; Wendt and Hauser, 2013). Differences between FD and ESM can represent up
to 10% of SOC changes and overwhelm variations caused by tillage and crop residue removal rates (Du et al.,
2017; Xiao et al., 2020). As comparing SOC stocks on the same soil mass per unit area is recognised as a better
practice than the FD approach, this methodology was included as the reference method by FAO and IPCC (FAO,
2019;IPCC, 2019).

Soil organic C stocks are key estimates within the Integrated Carbon Observation System (ICOS), a European
Research Infrastructure Consortium (Heiskanen et al., 2022). As of 2025, ICOS includes 45 high-quality and
standardised ecosystem sites (Class 1 and 2 stations), covering the diversity of European soils and ecosystems.
Within ICOS, SOC stocks have been measured since 2017 and will be re-measured every 10 years to quantify
changes in SOC stock over time. To ensure unbiased and robust estimates with a limited number of samples (Ar-
rouays et al., 2018; Don et al., 2007; Saby et al., 2008), ICOS adopts a Design-Based (DB) approach (Brown,
1992; Collins, 1992) with randomly selected sampling points (Arrouays et al., 2018; Brus and deGruijter, 1997;
de Gruijter etal., 2006; Loustau et al., 2017). At each ICOS site the measured soil stock change over time can then
be comparedto the integrated CO: fluxes at the site boundaries over that period, which comprise the net ecosystem
productivity, imports to and exports from the site, and lixiviated fluxes (Aubinet et al., 2009; Ceschiaetal., 2010;
Loubet etal., 2011). Soil carbon cycling models such as DAYCENT (Partonetal., 1998), STICS (Brissonetal.,
1998), RothC (Coleman and Jenkinson, 1996), or AMG (Clivot et al., 2019) are essential tools to understand
further the observed SOC dynamics based on site-specific managements, and in particular exports, imports, and
residue returns. Models are also key in providing long-term simulation of SOC stock dynamics and scenario anal-
ysis.

Given the 10-year resampling interval, evaluations of SOC stock changes entirely based on the ICOS protocol,
will only become available starting from 2027. However, before ICOS, several European sites were sampled from
2005 to 2010 using asystematic grid-based sampling design within the EU CarboEurope project (Schrumpf et al.,
2011), providing a unique opportunity to assess SOC stock changes, while explicitly addressing methodological
challenges related to sampling design, bulk density variability, and SOC stock calculation approaches. At the Gri-
gnon ICOS ecosystem station (FR-Gri), a cropland site, SOC stock was measured in 2005 using a grid-based
design and later in 2019, using the ICOS protocol. The objectives of this study are to (1) quantify SOC stock
change between 2005 and 2019 at the FR-Gri station, (2) compare SOC stock changes estimates obtained using
the equivalent soil mass and fixed depth approaches, (3) discuss the uncertainties related to these estimations,
mainly those related to sampling design, and (4) compare the observed SOC stock changes with predictions from
the AMG soil carbon model (Clivot etal., 2019) and with previously established carbon flux balance estimations
at the same site by Loubet etal. (2011).
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2  Materials and methods
2.1  Study site

The study was conducted at the Grignon station, an ICOS ecosystem site (ICOS code FR-Gri, class 2 since 2021).
Itisacropfieldof 19 halocated40 km west of Paris, in northern France (48.9°N, 1.95°E;elevation125 m) (Figure
1). During the study period (2005-2019), the mean annual air temperature and rainfall were 11.2 °Cand 586 mm,
respectively. The site has a gentle north-eastward slope of approximately 1%. Agricultural fields mostly surround
the south and west of the study area. The surface soil (0—15cm layer) is classified as silt loam, with a particle-size
distribution of 98 gkg sand, 713 gkg™! silt,and 189 gkg™ clay. The effective soil depth (A + B horizons) varies
from approximately 0.4 m in the north-east to over 1 m in the south-west. Soils across the parcel exhibit calcic
horizons, with average CaCOs contents of 3% in the 0—50 cm layer and 20% in the 50—-100 cm layer, and an
alkaline soil pH of 7.6. (Table S1). The OC content in the surface layers was around 20 g C kg-* as reportedin
2011 (Loubetetal.,2011).

A) ICOS Station network B) FR-Gri (Grignon) ICOS Station
: , — i

g — L ¢

@  Atmosphere stations.

©  Ecosystem stations

ominar

Figure 1. (A) Map of the ICOS station network across Europe, showing atmosphere (red), ecosystem (green), and ocean
(blue) stations. The Grignon site (FR-Gri) is highlighted. Sources: ESRI, TomTom, FAO, USGS; Powered by Esri. (B)
The 19-hafield site at FR-Gri, shown in a Google Maps image, with the target area outlined in yellow. The eddy covar-
iance system (white triangle) is locatedcentrally, surrounded by its dominant flux footprint (shadedgradient area). The
site, with a mixed farm with cattle and sheep housed in the southern buildings, has been cultivated for over 100 years,
although the exact start year is unknown. The site was highly fertilised with sewage sludge in the 1980s. Imagery ©
Airbus, Map data © Google.

In 2004, as part of implementing reduced tillage in the crop rotation system, the soil was scarified to a depth of 50
cm to reduce compaction. Since then, most tillage operations have been restricted to the superficial layer (015
cm), using a stubble cultivator or a clod crusher. Two additional scarification events were carried out: one in 2010
(to a depth of 25 cm) and another in 2012 (to adepth of 40 cm). Additionally, the soil is disturbed to a depth of 5

or 10 cm during seeding operations.



145 Table 1. Crop rotation, yield, exports and imports, and nitrogen (N) applied over the 15 years between the two sampling campaigns at the FR-Gri site. Carbon exportwas evaluated
based on the farmer’s record of grain, straw, and silage exports. The aerial crop residue return was evaluated based on the e xports and the allometric coefficient of the AMG model, as
explainedin the manuscript. A 0.44 g C g dry biomass carbon content was assumed to compute the exports and imports. Organic nitrogen was mainly cattle slurry and, on a few
occasions, manure. Mineral fertilisation was mainly urea-ammonium-nitrate.

crop year part of the plant harvested Exported Imported Aerial Crop Residues Organic Nitrogen Mineral Nitrogen Total Nitrogen applied
Carbon Carbon returned to the soil applied applied
(gC m?) (gC m?) (gC m?) (kg N ha?) (kg N hat) (kg N ha)
mustard 2005 None 90 £ 10
maize 2005 above 20 cm - 330 +40 100 140 £ 10 140 £ 10
wheat 2006 seedand straw 640 + 70 170 £ 20 110 £ 10 110 £ 10
barley 2007 seedand straw 440 + 50 150 £ 20 110 £ 10 110 £ 10
mustard 2008 None 90 + 10
maize 2008 above 20 cm - 550 + 60 120 + 20 20+0 80 £ 10 60£0 130 £ 10
wheat 2009 seed, straw, and chaff 640 + 70 140 + 20 150 + 10 80 +10 170 + 10 250 + 20
Triticale 2010 seed, straw, and chaff 490 £ 60 240 + 40 90 £ 10 220 + 40 100 + 10 320 £40
maize 2011 above 20 cm - 610 + 70 120 + 20 20+0 80 £ 10 80 £ 10
wheat 2012 seed, straw, and chaff 640 £ 70 160 + 30 100 + 10 170 £ 30 70+0 240 + 30
rapeseed 2013 seedand chaff 240 + 30 370 + 40 110 £ 10 110 £ 10
wheat 2014 seed and straw 420 £50 180 + 30 110 £ 10 130 + 20 110 £ 10 240 + 20
mustard 2015 None 90 £ 10
maize 2015 above 20 cm - 430 £ 50 280 + 50 20+0 290 £ 50 290 + 50
wheat 2016 seed, straw, and chaff 440 + 50 50 +10 190 + 20 90 +20 220 £ 10 310 + 20
rapeseed 2017 seed 170 + 20 440 + 40 0+0 120 + 10 120 + 10
wheat 2018 seed and straw 450 £ 50 300 + 50 130 + 10 190 + 30 8010 270 + 30
mix intercrop 2019 All plants for silage 50 + 10 40+0 400
maize 2019 above 20 cm - 540 + 60 120 + 20 20+0 80 £10 150 + 10
average

(g C m? y or kg N ha) 470 £ 54 114 + 13 151 £ 17 93+11 100 +11 193 + 22
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The crops in the rotation system are winter wheat, silage maize (preceded by a mustard catch crop), and winter
barley, with two years of oilseed rape during the period (Table 1). These crops are herbaceous, with C3 (wheat,
barley, triticale, oilseed rape, mustard) or C4 (maize) plants. Crop production is primarily exportedas grain or
silage (maize), but residues are also exported for animal feed and bioenergy purposes. The average carbon export
was 470 £54 g C m2yr1 (Table 1). The field received regular applications of slurry and manure, with an average
carbon input of 114 + 13 g C m2 yr-t. The average above-ground biomass crop residues left on the field were
evaluated using the exported biomass and allometric coefficients (Clivotetal., 2019). They represent 151 +17 g
C m2yr1, approximately one-third of the exported carbon, which is slightly higher than the amount imported. The
biomass of mustard was not measured but taken equal to the mean estimated biomass of mustard in France, -2 Mg
DM ha? (Soleilhavoup and Crisan, 2021).

2.2 Soil sampling schemes

The two campaigns were conducted in different areas around the eddy covariance system. The 2005 campaign
focused on an area representative of the eddy covariance mast's maximum footprint, while the 2019 campaign
encompassed the entire 19 ha field. The footprint determined using the Kljun approach (Kljun etal., 2004, 2015)
was well within the 19-hafield (Figure 1), except for some stable nights when it extended into the surroundings.
Two different soil sampling strategies were employed during the 2005 and 2019 campaigns (Figure 2). In the
2005 campaign, 100 soil coreswere taken using a systematic sampling grid (7 x 7 m), and samples were collected
with both 8.3 cm and 8.7 cm inner diameter corers in December 2005, during winter wheat dormancy. Soil cores
were divided into seven layers (0-5, 5-10, 10-20, 20-30, 30-40, 40-50, and 50-60 cm). The 2005 campaign results
were reported in Schrumpfetal. (2011). Inthe 2019 campaign, 99 soil samples (20 locations x 5 depths — 1) were
collected in March, following the ICOS protocol (Arrouays etal., 2018; Loustau et al., 2017), which consists of a
stratified simple random sampling design. One sample, located between 60 and 100 cm, was not reachable due to
the high rock density. The fieldwas at that time covered with a mix of catch crops (oats, field bean, pea, clover,
and flax). The studied area was divided into 10 geographically compact equal-area strata (Walvoort et al., 2010).
Within each stratum, two primary sampling points (SP-I) were randomly selected (simple random) for a total of
20 SP-1 plots. At each SP-1, five secondary sampling points (SP-II) were randomly selected within a buffer area
of 10 meters, where the soil was sampled using a 5.5 cm inner diameter corer. Each core was separated into sub-
samples at depths of 0-5, 5-15, 15-30, 30-60, and 60-100 cm. Finally, cores were mixed to form a composite
sample at each primary location and each layer. The spatial stratification and sampling point distribution were
performed using the R package “spcosa” (Walvoortetal., 2010). To ensure comparability between the 2005 and
2019 sampling campaigns, all SOC stock change analyses presented in this study was restricted to a spatially
comparable subset of the field exhibiting similar pedological properties in 2005 and 2019 (Figure S4). A detailed
spatial comparison between the two sampling campaigns, including clustering analyses and sensiti vity tests across
different spatial subsets, is provided in the Supplementary Material (Figure S1-S5).
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A) Sampling design in 2005 and 2019 B) Sampling depth
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Figure 2. A) Map of the study area showing the spatial distribution of sampling zones and soil core de pth segmentation.
Soil sampling was conducted at two times: in 2005 (black circles) and 2019 (blue diamonds). For the 2019 sampling, the
field was stratified into 10 strata (coloured polygons, labelled 1-10), and the sampling points were randomly located
within each stratum. The 2005 sampling followed a grid-based sampling design that partially coveredstrata2, 4, 5, and
8, with the majority of the sampling concentrated in strata 8 and 4. Blue polygon represents the “Reduced field” and
black polygon the “Intersection field”. B) Segmentation of soil cores into depth intervals for two different sampling
protocols: 60 cm cores (six layers: 0-5, 5-10, 10-20, 20-30, 30-40, and 50—60 cm) and 100 cm cores (five layers: 0-5, 5
15, 15-30, 30-60, and 60-100 cm). Latitude and longitude are shown in WGS 84 coordinates.

2.3 Soil samples preparation and anal yses

In the 2005 campaign, all soil samples were preserved at 4°C before processing. The coarse fraction —rock (RF)
(@ >4 mm) and root fractions (@ >1 mm) - were separated from the samples and subsequently air-dried at 40°C.
The remaining samples were sieved to <2 mm to obtain the fine earth (FE) fractionand the coarse fraction (> 2
mm). Subsequently, each fraction was weighted (Schrumpf etal., 2011). Inthe 2019 campaign, samples from SP -
Il plots were air-driedat 30°C and then sieved to separate the FE fraction (<2 mm). The rootand rock fractions
were oven-dried at 70°Cand 105°C, respectively, before weighing. Subsequently, the FE fractionfromeach depth
interval of the five SP-1I plots was proportionally mixed (based on the weight contribution of each layer) to create
a composite sample (SP-1). The BD, residual water and FE fraction were computed from the SP-11 samples, then
averaged at the SP-1level, and the C content was measured on the SP-1 composite samples. See Arrouays et al.
(2018)and ICOS protocol (Loustauetal. 2017) for more information. In both campaigns, the FE fraction was then
split into three subsamples to measure the C content (air-dried sample), residual water (after dryingat 105°C) and
soil bulk density (BD). Soil organic carbon (SOC) content (C, g kg'') was determined inthe air-dried FE fraction
by dry combustion (ISO 10694), which measures the total carbon content in the soil. Overall, the soil preparation
and analysis methods used in 2005 and 2019 were very similar. Carbonate (CaCO3s, g kg'') was measured by de-
terminingthe loss of carbondioxide (CO2) after acidificationwith hydrochloricacidin 2019. The inorganic carbon
contentwas also determinedin 2019: when CaCOs content was lower than 700 g kg2, the soil inorganic carbon
(SIC) content was calculated as C = 0.12 x CaCOs. When the CaCOs content exceeded 700 g kg2, to avoid a
deterioration inthe accuracy of organic carbon deduced from total carbon, samples were first treated with HCI to
eliminate carbonates, and then total carbon was determined as previously explained. The SOC content was then

computed as the total carbon content minus the inorganic carbon content.
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2.4  Soil datapre-processing

Before statistical analysis, missing values in the 2005 dataset were imputed using Ordinary Kriging interpolation
(Goovaerts, 1997), which leverages spatial autocorrelation to provide unbiased and minimum variance estimates
of missing data points. Using spatial coordinates, the target variables were estimated based on interpolated values
derived from a fitted variogram model (Nugget + Spherical) and up to 35 neighbouring data points within a 100-
unit radius. For the 2019 dataset, which had only a single missing value, we used the average value of the corre-

sponding soil layer.

2.5  Soil carbon stocks calculation using the fixed-depth (FD) approach

The soil carbonstock SOCy,,q« (kg C m2) across the soil layers was calculated following Poeplau et al. (2017):

MpE;

SOCstoc = Eita—k X BD; X Az; X SOC; X —— x 10000 (1)

soil;
Where n is the number of layers in which the soil core was divided down to 60 cm, i is the layer index, mgg, (9)
is the mass of fine earthin the layer, and m,;, (9) is the total soil mass of the layer (including rocks and roots),
BD; (gcm-3)is the bulk density of the layer, Az; is the layer thickness (cm),and SOC; (g Ckg!) is the SOC content
in the FE fractionin the layer. The factorofﬁ converts SOC content from g kg to kg kg, and the factor of
10000 converts cm2 to m2. The bulk density in each soil layer is defined as the ratio of m,;, to the soil core

volume Vsample

BD. = Msoil; _ Msoil; (2)

; =
Vsamplei SiXAz;

where S; is the sampled surface. Equations (1) and (2) correspondto equations (1) and (2) in Schrumpf etal. (2011)
and were used to compute the stocks for the 2005 samples. We note that when combining equations (1) and (2),
the mass of soil mg,;;, and the layer thickness Az; disappear. In the ICOS stock calculation protocol, the bulk
density is therefore no longer used. The SOC stocks are computed based on the surface sampled S; and the mass

of fine earth m g, only. By further simplifying the converting factors, one gets:

m,

SOCsppck = 21— x SOC; X 10 (3)

S:

In equation (3), a term can be identified as the fine earthin each layer, FE; = mg,/s; X 10 (kg m?), which gives

the fine earth over the 0-60 cm profile:
_yn ™MFE; — 3y
FEgoem = i=1s—ix 10 = X1, FE; (4)

We note here that these equations are adapted for core sampling. When sampling soils with pits, some corrections
need to be introduced in equations (1-3) to account for large stones and large roots in the pit. The inorganic carbon
8
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Stock SIC0cr 1S COmputed in a similar way as the SOy, but replacing the OC content inthe FE fractionSOC;
by the inorganic carbon content SIC;. Finally, the cumulative SOC%;82 ™ was computed after summing the stocks

per layer.

2.6 Harmonisationofsoil layers in both sampling campaigns

To ensure comparability between campaigns, the soil sampling depth (Figure 2) of each campaign was harmonised
into three coarser layers: 0—5cm, 5-30 ¢cm, and 30—60 cm. Bulk density, rock fragments, and carbon content were
aggregated using a thickness-weighted mean to account for variable layer depths, while SOC stocks and fine earth
mass were calculated as cumulative sums across the respective layers. All subsequent SOC stock calculations and
statistical analyses were performed on these layers. Additional layers are provided in the supplementary material.

2.7  Soil carbon stocks calculation using the equivalent soil mass (ESM) and SOC stocks changes

To properly estimate SOC stocks evolution, one needs to consider changes in SOC content of the soil (SOC) but
also the potential changes in BD; due to compaction or decompaction, which may change the fine earth mass FE;
in each sampling depth (Lipiec and Hatano, 2003). Additionally, soil erosion driven by rainfall or wind can export
soil particles —mainly silt and clay - out of the field. Erosion is thought to be negligible at the FR-Gri site due to
a slightslope and systematic winter inter-cropping. Decompactionmay have happened since the site was converted
to reduced tillage from 2000 onwards (Loubet et al., 2011), but compaction in subsoil may also occur due to
repeated surface traffic by heavy machinery (Liebhard etal., 2025; Lu etal., 2021). To consider possible changes
in BD;, the SOC stock evolution was estimated using the equivalent soil mass method (ESM), where the SOC
stock s integrated down to a varying depth corresponding to a reference soil mass that is set equal for each cam-
paign (Ellert and Bettany, 1995; von Haden et al., 2020; Lee et al., 2009; Wendt and Hauser, 2013). This approach
has the advantage of accounting fora common sampling bias with the hydraulic corer, which is soil compaction.

The ESM-based SOC stock was computed using the R function “SimpleESM” (Ferchaud et al., 2023), whichim-
plements the classical ESM method (Ellert and Bettany, 1995) and ESM2, a model-based approach incorporating
cubic splines (Wendt and Hauser, 2013). The reference fine earth mass (FE,. ;) was derived from the median
values in the 2005 dataset for the aggregated soil layers: 0—5 cm, 5-30 cm, and 30-60cm (Table 1). The total FE
in the 0—60 cm layer ranged from 852 to 967 kgm2in 2005, and from 831 t0 953 kgm=2in 2019 ( Table S4).

Table 2. Reference fine earth mass (FE, ) per layer used in the equivalent soil mass approach (ESM).

Layer Upper depth Lower depth FEret
cm kg m2

L1 0 5 63.2
L2 5 30 372.6
L3 30 60 453.1

In the “classical” ESM approach (Ellert and Bettany, 1995), SOC stock is calculated by 1 mm increments (Autret
etal., 2016; Mary et al., 2020). In brief, soil depth is discretised into elementary layers of 1 mm thickness, with
FE density (g cm-2) and carbon content (g kg!) assigned to each 1 mm layer. Since both FE density and the SOC
content are typically reported as average values over macro-layers (e.g., 0-5 cm), these values are assumedto be

constant within each 1 mm sublayer. Subsequently, FE; and SOCi,, are then computed cumulatively until the
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FE, s is reached. This approach is referred to as “ESM non model” by (Peng et al., 2024). The ESM2 approach is
based on the "material coordinate system" (Lee et al., 2009; McBratney and Minasny, 2010) or the “cumulative
coordinates approach” (Rovira et al., 2015). This method uses a post-hoc model - a cubic spline interpolation - to
mathematically adjust SOC measurements to a common fine earth mass (von Haden et al., 2020; Wendt and
Hauser, 2013). As both ESM and ESM2 methods yielded similar results (Figure S6), only ESM outcomes are
reported inthe following.

2.8  Statistical inference for assessment of the carbon stock change

Unequal variance t-tests (Welch’st-test) were appliedto assess significant differences betweenthe two campaigns
means of SOC stocks estimated by FD and ESM approaches and other soil variables. The Welch’s t-test value was

calculated as:
t = (7?2005—?2019) (5)

| V(?2005)+V(?2019)

Where ? is the estimated mean of the soil property X, 17():() is the estimated sampling variance of the estimated

mean, and indexes stand for the campaign years. A design-based approach was used to estimate the means and
sampling variances (de Gruijter etal., 2006). The sampling variances of the two campaigns were estimated sepa-
rately and considered unequal. For the 2019 campaign, a stratified random sampling with equal area strata was

used. With the same number of sites per stratum, the mean and the sampling variance are estimated as:

? = % Z%\I:1Xi (6)
(i) =Yh Wf%v(ih) = i Z§=1\7(§h) ()

Where X; is the measured soil property at location i, N is the total number of samples over all strata, (?h) is the

<)

sampling variance of stratumh, w? = % is the weight of stratum h, and H is the number of strata.

For systematic random sampling (2005 campaign), the mean estimate is simple (Eq. 6), but there is no unbiased
estimate of the sampling variance. We implemented the approximation suggested by Brus and Saby (2016), where
the systematic random sample is treated as a stratified simple random sample. The sampling units were thus clus-
tered by 2 based on their spatial coordinates into H = n/2 clusters (n = 100) using a k-means algorithm. The 2
sampling units of a cluster were treated as a simple random sample from a stratum, and the variance was estimated
with eq. (7) with H = 50. The weights were computed by w? = n,/n, where n,, = 2 is the number of units per

cluster. The 95% confidence interval is given by:

X+ iz f\?():(h) (8)

Where t)zH is the 2.5 quantile of a t distributionwhere (N — H) approximates the degrees of freedom. For the
2005 campaign, degree of freedom N — H = 100 — 50 = 50. In 2019, when the Complete field was considered,
there were H = 10 strata of 2 units each, leading to atotal number of sampling points N = 20 (called SP-1in ICOS),
leading to N — H = 10. When part of the field was considered, both the number of samples and H diminished
leading to N — H < 10 In 2005 and 2019, equations (7-9) where used to compute the carbon stock statistics for
each sampling depth available and over aggregated layers 0-15 cm, 15-30 cm and 30-60 cm. We also computed
the minimum detectable difference (MDD) based on a t-test with 95% confidence and 90% power (o= 0.05, =

0.10).
10
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Finally, we performed an additional statistical analysis to quantify the magnitude of SOC stock changes between
2005 and 2019 by calculating effect sizes using Hedges’ g. This metric is a standardised mean difference method
that includes a correction for small sample sizes (Hedges, 1981), which was especially the case when using the
Reduced and Intersection fields, leading to 14 and 8 samples, respectively. Confidence intervals for effect-size
estimates were computed using 20000 nonparametric bootstraps with resampling and the bias-corrected and ac-
celerated (BCa) method (Canty etal., 2024; Efron, 1987; Kirby and Gerlanc, 2013). Negative values of Hedges’
g indicate a reductionin SOC stocks from 2005 to 2019, while positive values indicate an increase. If the confi-
dence intervals (Cls) include zero, it suggests that there is no significantdifference in SOC stocks between the two
sampling years. These analyses were performed using the R package “bootES” (Kirby and Gerlanc, 2013).

See the equations (s1-s5) inthe supplementary material.

2.9  Simulationof carbonstock evolution with the AMG model

We computed the SOC stock changes using the agricultural soil carbon model AMG (Clivotetal., 2019) to com-
pare with measured changes in SOC stock in the surface soil layer (0-30 cm). AMG s a relatively simple soil
carbon model that simulates SOC stocks by partitioning the soil carbon into three pools: (1) a pool receiving
organic C inputs from crop residues, roots, and exogenous organic matter (EOM), (2) an active organic C pool
subject to decomposition, and (3) a stable organic C pool. As stable C presents slow turnover, considering the
timescale of the simulation, this pool is considered inert in the model and does not decompose nor receive new C
inputs.

A proportion (ha) of all the C inputs to the soil is allocated to the active C pool, while the remaining proportion
(1 - ha) is considered mineralised. The active C pool decomposes following first-order kinetics, with a rate con-
stant k that depends on climate variables (annual temperature, precipitation, potential evapotranspiration) and soil
properties (clay content, carbonate content, pH, and C:N ratio). The C inputs to the soil include aboveground crop
residues and organic amendments frommanure and slurry as listedin Table 1, plus the belowground cropresidues
and rhizodeposition estimated from allometric equations based on the aboveground biomass (Clivot et al., 2019,

2023). Rootsand rhizodeposition C inputs down to a considered depth i are computed as:
_ DMyg i
Cbelow ground inputs (i) — m * 0.4 * 1.65 = (1 - ﬁ ) (9)

Where DM is the above-ground biomass, SRR is the shoot-to-root-ratio, 0.4 is the carbon content of the roots
(40%), 1.65 is a factor accounting for the dead roots and rhizodeposition, assumed to be 65% of the living roots

C, and (1 — B%) accounts for the roots’ distribution in the soil, where f is a crop-dependent parameter.

The SOC stock changes were simulated on an annual timestep over the period 2005—-2040, considering the 0-30
cm depth layer, which generally corresponds to the managed soil layer in cropland systems, where most crop roots
and residue inputs occur. The baseline SOC stock in the 0-30 cm layer was set to 8.25 kg C m2, based on meas-
urements from 2005. The proportion of stable organic carbon pool was set to 65% (Cs = 0.65), as Clivot et al.
(2019) proposed for agricultural fields with a long-term history of cultivation. To assess model sensitivity, we
performed additional simulations by varying key management and environmental factors and comparing to a base
scenario: (1) residue returns to the soil were increased to 100% of the available residues, (2) organic amendments
were either eliminated (set to zero) or doubled (multiplied by two), (3) meteorological conditions were set to the
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pre-2005 period by repeating the 1987-2004 weather data for the 2005—-2040 period, and (4) the proportion of
stable organic carbon pool (Cs) was set to 0.63 and 0.75 as independent estimates on a nearby soil reported by
Kanari etal (2022) to illustrate the model’s response to this critical soil carbon parameter. In the base scenario, (1)
the residue returnsand (2) the organic amendments were setaccordingto Table 1, (3) the meteorological conditions
were those measured at the site between 2005 and 2019, and then repeated to 2040, and (4) Cs was set to 0.65.

2.10 Carbon flux balance derived from Eddy Covariance measurements

The carbon flux balance was estimated from 2006 to 2010 in Loubet et al. (2011), based on the Eddy Covariance
(EC) micrometeorological method. The net biome productivity (NBP), representing the carbonbalance of the field,

was computed as:

NBP = NEE + Forga.fert + Fseeds - Fleach - Fharvest (10)

where NEE is the net ecosystem exchange of COz2 flux over time, F,,.;, rer 1S the carbon input through organic
fertilisation, F;,. 4 i the carbon input through seedling, F,, ., iS the organic and inorganic carbon losses by lix-
iviation, and Fy, .. 1S the carbon export through harvest. See Loubet et al. (2011) for details. We limited the
carbon balance study to the 20062010 period published in Loubet et al. (2011). Indeed, computing the full period
2005-2019 carbonbalance requiresfillinga year gap in 2018 and processingthe leaching flux, which impliescrop
and leaching modelling, as well as an uncertainty analysis that goes beyond the scope of this manuscript.

3  Results
3.1  Summary statistics of soil properties

Statistical analysis confirmed a significant decompactionfrom 2005 to 2019, evidenced by a reduction in bulk
density, particularly in the 0-5cm (p < 0.001) and 5-30 cm (p< 0.001) layers (Figure 3, Table S5). BD decreased
by ~25% in the 0-5 cm layer and by ~5% in the 5-30 cm layer, while the 30—60 cm layer presented a slight but
non-significant increase. Similar results were observed for the fine earth density (Table S4). For the entire 0-60
cm profile, the average soil stock (FEo-socm) in 2005 was 882.5 kg m-2, which was about 5% greater than in 2019
(840.1 kg m-2), while the soil mass in the 0-5 layer decreased by approximately 25%. The SOC contents varied
from2005t02019 (Figure 3, Table S5). In the 0—5 cmlayer, SOC contents were significantly higher in 2019 than
in 2005 by around 2.2 £ 0.57 gC kg* (p=0.002). Incontrast, SOC content in the 5-30 cm layer was significantly
lower by 6.2% in 2019 compared to 2005, witha mean difference of -1.14 £ 028 g C kg* (p < 0.001). In the 30—
60 cm layer, SOC contents remained statistically unchanged -0.14 £ 0.31 gCkg?, p = 0.66).
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Figure 3. Mean of bulk density, soil organic carbon (SOC) contents, and ESM -based SOC stocks with their correspond-
ing confidence intervals (Cls) in the 2005 and 2019 campaigns across three soil layers (0-5, 5-30, 30-60 cm). Mind that
the layer depths given here do not correspond to real depths since the ESM method implies varying depths with time.

The mass-equivalent depths of SOC stocks are shown in Figure 5B.

3.2

FD and ESM approaches were statistically similar in 2005 across the three soil layers (Figure 4A), and only

significantly differentin 0-5 cmsoil layer in 2019 (Figure 4B). Both approaches did not differ when comparing

Differences between FD and ESM-based SOC stocks

the cumulative SOC stocks up to ~60 cm (all p > 0.5, Figure 4C-D).
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Figure 4. Soil Organic Carbon stocksand corresponding confidence intervals (e rrorbars and shaded ribbons) estimated
using Fixed Depth (FD) and Equivalent Soil Mass (ESM) approaches. Panel A and B show SOC stocks per depth range
for 2005 and 2019. Solid lines (vertical) represent mean SOC stocks across the entire depth range. Dashed horizontal
grey lines represent the fixed soil depth layers aggregated into 0-5, 5-30, and 30-60 cm. If the thickness of the ESM-
adjusted depth falls outside the upper or lower bounds of the fixed soil depth, it indicates that a depth adjustment was
made during the ESM computation. Panels C and D show cumulative SOC stocks over the 0-60 cm layer for 2005 and

2019. Asterisks denote significant differences between SOC stocks estimate methods: P < 0.001 (***).
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3.3 Soil carbonstock changes over time

The mass-equivalent depth (Figure 5B) varied between years according to the reference soil mass shown in Table
2. 0n awverage, the mass-equivalent depths in 2019 were 0—-6 cm, 6—33 cm, and 33—65 cm. In 2005, the soil depth
adjustment was minimal compared to the sampling depth, with an increase of 2 +0.7 cm in the third layer (30-62
cm). The ESM estimates indicated a cumulative loss of soil organic carbon over the three layersof -0.95+0.20 kg
C m2 between 2005 and 2019 (Figure 5A). In the first layer 0-5 cm layer a higher SOC stockwas measured in
2019 comparedto 2005 (+0.10 £0.02 kg C m2). The second layer (sampling depth of 5-30 cm) showed a lower
SOC stockin 2019, with a SOC stock changes of about 0.8 =0.10 kg C m2. In the deeper layer (sampling depth
of 30-60 cm), SOC stock changes showed a less significant reduction of about 0.28 +0.11 kg C m2. Effect-size
comparisons between the two campaigns across the three layers confirmed the significance of the SOC changes
between 2005 and 2019 (Figure S8). A finer vertical analysis (Figure S9) indicates that the SOC stocks in 2019
were higher in the layer L1 (~0-5 cm), then decreased between layer L3 and L5 (~20 and ~40 cm), before increas-
ing again in layers L6 and L7 (~ 40 - 60 cm).

A 2005 W 2019 — B Soil depth (cm) and fine earth mass
11.19 (kg m2)
1., 10.24
T 0 2005 2019
E *%k%
o — 1—"6a8 [0 4838
2 6.83 5 5
= I 6.06
Y 2—| 3742 351.9
[&] *
2 5- 1
»n
O Hkdk 3.05 577 30 30
8 — I
L6y el 3| 4435 439.4
01 . . . . 60 60
1 2 3 Cumulative
Soil layer

Figure 5. Mean soil organic carbon (SOC) stocks (kg C m2) estimated using the Equivalent Soil Mass (ESM) approach,
along with their corresponding confidence intervals (error bars), for the 2005 and 2019 campaigns (Panel A). Adjusted
soil depth (cm) and fine earth mass (kg m™2) are also shown in Panel B. Asterisks denote significant differences be-
tween campaigns: P <0.001 (***), P < 0.01 (**), P <0.05 (*).

3.4  Cumulative SOC stocks

Across the 13.25-year monitoring period, the cumulative SOC stocks up to the sampling fixed-depth 0-60 cm
exhibited a statistically significant decline (p < 0.05) of around 0.95 +0.22 kg C m-2 (p < 0.001; MDD < observed
differences, Table 3). A similar decline was found using the ESM and the FD. Ovwerall, both SOC estimation
approaches indicate an average SOC loss of approximately 72 + 16 g C m2yr-1 over the 13.25-year period. In
terms of proportional reduction relative to the 2005 baseline, ESM-based SOC stocks decreased by —8.2% in the
~0-30 cm layer and —8.5% in the ~0—60 cm layer. These losses translate to annualised losses of approximately
—0.62% to —0.89% yr-1, when referenced to the 2005 SOC stocks baseline.
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Table 3. Summary of soil organic carbon (SOC) stock changes between 2005 and 2019 in the “Reduced field” at the FR-
Gri site, assessed for the 0-30 cm and 0—60 cm soil layers using both the Equivalent Soil Mass (ESM) and Fixed-De pth
(FD) approaches. SOC changes are reported in absolute terms (kg C m2) following by their standard error, relative
change (% of initial stock), and as annualised rates. The Minimum Detectable Diffe rence (MDD) represents the smallest
true difference that can be statistically detected given the observed variability and sample size. If the observed SOC
stock changes exceeds the MDD and p < 0.05, the change is considered detectable. IfSOC stock changes is less than the
MDD, the change is notstatistically distinguishable. A large MDD reflects high variability or limited sensitivity, whe reas
a small MDD indicates high precision in detecting SOC stock changes. These estimates were also used as input param-
eters for the AMG model simulations.

Equivalent Soil Mass Fixed depth
Metric = [0k * ~0-

43gjok;nr1n'2 8870.668902'2 R E SV E
2005 SOC stocks (kg C m2) 8.14 £ 0.06 11.19 £ 0.13 8.25 £0.08 11.12 +0.12
2019 SOC stocks (kg C m?2) 7.47 +0.09 10.24 £ 0.16 7.28 £0.09 10.17 £ 0.18
SOC stock change (kg C m2) -0.67 -0.95 -0.97 -0.96
Standard Error difference (kg C m2) 0.11 0.04 0.12 0.04
Lower ClI difference (kg C m2) -0.90 -1.37 -1.22 -1.40
Upper ClI difference (kg C m?) -0.44 -0.53 -0.72 -0.51
P values (two-sided) <0.001 <0.001 <0.001 <0.001
Minimum Detectable Difference (kg C m2) 0.38 0.71 0.41 0.76
SOC stock change (% of initial Stock) -8.2% -8.5% -11.8% -8.6%
SOC stock change (% initial Stock yr-1) -0.62% yr! -0.65% yr! -0.89% yr! -0.64% yr™!
SOC stock change (per mil initial Stock yr-1) -6.2%o0 yr! -6.5%0 yr! -8.9%0 yr! -6.4%o yr!

* SOC stocks from 2005 at 0-30 and 0-60 cmwere inserted as input variables in the AMG model.

3.5 Comparisonofmeasured SOC stock changes with estimations obtained with the AMG model

The AMG model was used to simulate the soil organic carbon stock evolution from 2005 to 2040 inthe 0-30 cm
layer, based on the cropping system, imports and exports, computing the plant residues return based on allometric
relationships. Under current cropland management practices, the model evidenced a declining trend of SOC stocks
(Figure 6),which aligns with the decrease observedwith the ESM approach in the 0-30 cm layer. The AMG model
simulated a SOC stock decrease from 8.24 kg C m=2in2005 to 7.25 kgCm2in2019, reflectingacumulative loss
of approximately -0.99 kg C m2 (—=12%) over 13.25 years. This modelled SOC loss is larger than the mean SOC
stock change estimated using the ESM approach in the 0-30 cm layer (-0.67 kg C m-2), and slightly outside the
associatedconfidenceintervals (95%Cl: -0.90to -0.44 kg C m-2; Table 3). SOC stocks appear to approach a quasi-
steady-state from 2027 onwards, with fluctuations of £0.02 to +0.04 kg C m2 yr1. By 2040, SOC stocks are pro-
jected to decrease to 6.94 kg C m2, representing an approximate 15% reduction from the 2005 baseline. Both the
AMG model and measured SOC stocks were consistent with the flux balance approach reported by Loubet et al.
(2011), during the early period from 2006 to 2010. The overall loss over a22-year period (2005-2027) would then
be of around 1.3 kg C m-2, or 13 Mg C ha1, which amounts to 0.059 Mg ha! yr-1. Overall, the sensitivity analysis
across five scenarios shows the same declining patterns in SOC, with cumulative losses ranging from 5 to 18% by
2019, and from 6 to 23% by 2040. Increasing the residue return leads to astabilisation of the SOC stock near 7.15
instead of 6.95 kg C m-2, while doubling the organic carbon amendment would lead to an equilibrium of 7.48 kg
C m2, On the contrary, suppressing the organic carbon amendment would lead to a stabilisation of 6.34 kg C m-2,
The simulation with the climate corresponding to 1998-2005 (with a slightly colder temperature -0.3°C when
compared to 2005-2019) had a non-detectable effect on the simulated soil C stock (Figure 6).
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Figure 6. Soil organic carbon (SOC) stock in the 0-30 cm layer simulated by the AMG model under the current man-
agement (CM) and five alte rnative scenarios (Scen.1-Scen.5; coloured lines). Measured SOC stocks from soil invento-
ries in 2005 and 2019, computed using the equivalent soil mass (ESM) approach, are shown as light-green squares;
error bars indicate the sampling standard error. Flux balance overthe 2006-2010 period (black solid line) as published
in Loubetetal. (2011). Cs denotes of the proportion of stable carbon pools in the model.

4  Discussion
41  Effects of sampling depth and computation methods on organic carbon stock change estimates

Our results show that cumulative SOC stock changes between 2005 and 2019 under reduced tillage management
were similar between the FD and ESM approaches only when SOC stocks were integrated over the full 0—60 cm
profile, differing by just 3% in this layer (p > 0.80). In contrast, SOC stock changes differed between approaches
in the surface soil (<30 cm). Previous studies have documented misleading interpretations of SOC stock increases
with reduced or no-tillage when using the FD approach at shallow depths (< 30 cm) (Du etal., 2017; Xiao et al.,
2020). Our results support this in the 0-5 cm layer, where FD indicates SOC stock losses while ESM shows gain
(Table S5, Figure S8). Indeed, FD approaches are prone to bias when soil bulk density or SOC content changes,
irrespective of the soil management (von Haden et al., 2020).

Because BD often varies with management in agricultural soils, especially at shallow depths (< 30 cm), multilayer
sampling and equivalent soil mass approaches are essential to capture the temporal response of SOC stock in
shallow layers (Wendt and Hauser, 2013; Xiao et al., 2020). At the FR-Gri site, the topsoil (0—15 cm) is frequently
disturbed by shallowtillage using a stubble cultivator or clod crusher,and deeptillage operations have occasionally
been applied to depths of up to 40 cm. In addition to residue return, these practices influence BD and soil mass
distribution, particularly within the upper 40 cm of the profile. Additionally, the potential compaction caused by
repeated machinery traffic cannot be excluded (Hamza and Anderson, 2005), since the compaction tends to accu-
mulate over time below 40 cm due to limited tillage operations of the subsoil (Zhang et al., 2024).

Roots may also alter BD, including in subsurface layers, by modifying the physical properties (e.g., aggregation,
porosity) as roots efficiently explore deeper layers. In the FR-Gri site, we find a significant decrease of BD in the
0-5cmand 5-30 cm layers and no significant change in the lower layer (30-60cm) (Table S4). Likewise, roots
may contribute to subsoil SOC stocks through root growth, biomass accumulation, and rhizodeposition. The rhi-
zodeposition process may account for up to 65% of root C and ~10% of total photosynthesised C, as shown for

maize (Tardieu, 1988) and wheat (Zhang et al., 2020; Zou et al., 2022), which are the main crops at the FR-Gri
17
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site. Fan etal. (2016) reported that approximately 95% of root biomass lies above 100 cm. In our field, 20% of the
SOC stockchanges occurredinthe 30-60 cm layer, confirmingthat sampling to at least 60 cm better captures root-
related C inputs and reduces SOC bias estimate, as also emphasised by Baker et al. (2007) and Wendt and Hauser
(2013). Furthermore, SOC stock estimates in deeper and multiple layers provide valuable insights into SOC dy-
namics across the profile, as mineralised carbon may percolate and accumulate in subsoil layers (Rumpel and
Koégel-Knabner, 2011).

4.2 Possible causes ofthe observed SOC stock changes over 13.25years

SOC stocklosses incropland systems under various management practices have been widely reportedin European
studies (De Rosa et al., 2024). A major cause of carbon losses is the imbalance between carbon imports and ex-
ports, which progressively leads to a shift inthe carbon stock from one state to anew one, higher if the imbalance
is an excess of imports or lower inthe opposite case (Ingwersenet al., 2024; Poyda etal., 2019). Over the 13.25-
year period (2005-2019), the FR-Gri site has experienceda decrease inSOC stockof0.95 kg C m2[95% Cl: 0.51-
1.4]. Our study evidenced that C losses in the intermediate soil layers (5-40 cm) are not offset by gains below
down to 60 cm depth (~0-5 and 40-60 cm).

Owerall, the cropping system history at FR-Gri led to a carbon stock decrease of 72 + 16 g C m-2 yr-1 over the
observed 13.25 years periodinthe ~0-60 cmsoil layer, irrespective of the SOC estimation method. Our hypothesis
is that SOC decline is primarily related to an imbalance during that period between carbon imports, limited by
reduced crop residue return, and high biomass exports. The FR-Gri site has been under continuous cropland man-
agement for at least over 100 years, with reduced tillage and crop rotation introduced in the past two decades. In
the 1980s, the field received an unquantified but large amount of organic matter inputs from wastewater treatment
plants, which may explain the high carbon stocks observedin 2005.

Moreover, since 2004, increased export of wheat straw for bioenergy has reduced crop residue return, while or-
ganic amendments were limited (Table 1). This shift in management practices may have contributedto a long-
term imbalance between C imports and exports, leading to SOC stock declines since, onaverage, the field exports
were around threefold higher than imports and twice higher than the import and aerial residue return combined.
The AMG simulations corroborate this hypothesis, showing a decrease mainly explained by the low residue return
and limited organic C application, while the slight shift in meteorological conditions (+0.3 °C air temperature)
during that period does not have any significant effect onthe simulated soil C stock (Figure 6).

Different patterns have been reported in long-term experiments conducted under similar pedoclimatic conditions.
In awell-drained Haplic Luvisol under a temperate climate, Dimassi et al. (2014) showed that SOC stock changes
under residue removal varied over time, with alternating phases of accumulation and depletion. The strongest
depletion occurred around 2002 (—0.033 kg C m yr'), possibly reflecting lagged effects of residue removal be-
tween 1982 and 1994 and climate changes, whereas SOC stock increasedin 2011 after residues were returned
again after 1994, Furthermore, SOC stocks increase occurred inthe upper soil layer (0-10 cm) and were offset by
losses at depth (10-28 cm), resulting in near-neutral SOC stock changes over the profile. These trends were later
confirmed by Mary et al. (2020) with additional sampling in 2017. Unlike the long-term experiments of Dimassi
etal. (2014)and Mary et al. (2020), where surface gains largely compensated subsoil losses at the profile scale,
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SOC losses at FR-Gri were dominated by sustained carbon deficits in intermediate layers, resulting in a net nega-
tive balance. Howewer, as we hypothesised here, Dimassi et al. (2014) suggested that crop management such as
residues removal, crop rotation (C3 vs C4) and catch crops mediates C sequestration under similar soil tillage.
The relatively high initial SOC stocks at FR-Gri reflects the previously high though unrecorded C inputs (from
wastewater treatments plants) and lower residue exports. This may further contribute to the observed declining
SOC stock, as C inputs decreased in the 2005-2016 period, even with substantial organic inputs. In terms of soil
processes, SOC stock declines during this period likely reflect an imbalance between SOC mineralization and
stabilization processes rates, likely triggered by high fresh plant inputs with low C:N ratio, organic amendments,
nitrogen-rich fertilisation (193 kg N hal) and environmental conditions favouring microbial activity and SOC
mineralisation (Bernardetal., 2022; Ceschiaetal., 2010; Loubet et al., 201). The depleting effect of nitrogen-rich
inputs was also observed by Dimassi et al. (2014), where SOC depleted under a crop rotation without C4 plant,
and increased after the establishment of catch crop (oats/vetch).

Keel etal. (2019) reported ESM-based SOC stock losses ranging from 0.01 t0 0.135 kg C m-2 yr-1 across various
crop systems in Switzerland, with an average loss of 0.034 kg C m-2 yr-1in the topsoil (~0—20cm). Their highest
SOC stock losseswere observed under a crop rotation similar to that of FR-Gri, with a comparable initial stock
(~7 kg C m2 in the 0-20 cm layer), but implemented on an Orthic Luvisol. We notice that their C inputs from
residue returnand organic fertilisation (0.090-0.32 kg Cm 2 yr ') are comparable to ours (0.265+0.030 kg Cm-
2), but they attributed the C losses to the recent grassland (with high SOC stock) to cropland (with low SOC stock)
conwersion, which may explain the doubled carbon stock change compared to this study.

The AMG model reproduced the observed SOC stock decline, though with a slightly greater magnitude, reinforc-
ing the conclusionthat the FR-Gri soil was not in carbon equilibrium and that a persistent negative C balance is
the most plausible driver of SOC losses during that period (Figure 6). The model projections suggest that the SOC
stock should decline at the same rate until 2027 before stabilising. A sensitivity analysis shows that increasing the
residue return would lead to a stabilisation of the SOC stockto 7.2 kg C m-2, compared to 6.95 kg C m-2 under
current management, while doubling the organic carbon amendment would lead to an equilibrium of 7.5 kg C m-2.
Convwersely, suppressing organic carbon amendments, which may be close to reality with the installation of a bio-
gas plant on the farm, would lead to a stabilisation of 6.3 kg C m-2. Although not explicitly simulated in our study,
digestate residues from biogas production could serve as an alternative organic amendment. While this residue
typically contains lower content of labile organic carbon comparedto freshorganic material, the remaining organic
material tends to be more chemically recalcitrant and resistant to microbial decomposition. As a result, their in-
corporationin the soil may contribute to slight, but persistent, increases inSOC stocks overtime (Keeletal., 2025;
Thomsen etal., 2013).

Finally, the integrated carbon fluxes from 2006 to 2010 (Loubet et al., 2011) confirm acarbon loss from the soil
comparable to those simulated by the AMG model (Figure 6). Although the uncertainties on the integrated carbon
fluxes are very large, the convergence between the two approaches corroborates a large soil carbon loss in the
years 2005-2010, which is consistent with the decrease in organic carbon fertilisations and residue return during
that period (Table 1) compared to previous years. We also note that the yearly carbon loss from Loubet et al.
(2011) is not significantly different from the yearly carbon soil destocking found in the present study. In the north-
western part of Switzerland, in a Cambisol soil, Leifeldet al. (2011)also compared the integrated carbon fluxes
and soil sampling methods over 5 years on an intensive and an extensive grassland, both recently converted from
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intensive cropland. They concluded that the large uncertainties in both methods prevented detecting a significant
change over 5 years inthe intensive field. Onthe contrary, inthe extensive field, they found a significant decrease
of the SOC stock of -0.217 £0.143 kg C m-2 yr-1 by soil sampling, but a lower loss of —-0.065 +0.092 gC m=2 yrt
based on the integrated carbon fluxes method.

4.3  Uncertaintiesinsoil carbon stock changes

We recognise the importance of distinguishing a true SOC stock change from artefacts introduced by differences
in sampling designs in 2005 and 2019. To address this, the clustering of the soil based on 2019 soil properties (See
Supplementary Material and Methods, Figure S1) provides an objective way to subset the 2019 dataset to
compare with the 2005 campaign over a similar soil condition. The data-driven area selection corroborates the
farmer's expert knowledge of the field heterogeneity. The robustness, across both design- and model-based ap-
proaches, alongside the clustering of the soil properties to identify distinct soil groups, increases our confidence
that the observed differences reflect real changes in SOC stocks over time.

In the Reduced field (Figure S4), the observed SOC stock change between 2005 and 2019 in the 0-60 cm layer
was -0.95 +0.22 kg C m2, exceeding the minimum detectable difference (MDD) of 0.73 kg C m (p< 0.01), and
this represents both significant and detectable changes given our sample size and design. In contrast, the Complete
field (Figure S4) did not show the same pattern, as the observed SOC changes fell below the MDD, indicating
that the changes detected between 2005 and 2019 could be masked by spatial heterogeneity. For these reasons, the
computations using the Complete field were not considered in this study due to the potential for Type Il error
(failing to detect a real effect).

The larger MDD when all strataare included in our comparisons reflect increased soil heterogeneity, particularly
related to the potential presence of Calcisol (shallowsoil with high rock fragments and SIC content) on the north-
western part of the field. These factors not only affect the soil bulk density and fine earth mass, but also the soil
capacity in stabilising carbon through the positive interactions between Calcium (Ca) and soil organic matter
(Kleber et al., 2021). These factors also lead to a large variability in biomass production, with the Calcisol area
which retains less water being less productive, as well observed by harvest maps (Loubet et al., 2011), hence
leading to less carbon inputs in this are by residue returnto the soil.

Additional uncertainty on the overall SOC stockchange at the site may come frominorganic carbonlosses. Indeed,
previous measurements of carbon leaching at the FR-Gri site indicated that inorganic carbon, whose stock change
could not be evaluated with the 2005 sampling data, may also contribute to significant soil carbon losses. Kindler
et al. (2011) showed that, in 2010, the site was losing 28 g C m2yr-! through leaching with a contribution of
219 C m2yrlas dissolved inorganic carbon (DIC). Inorganic carbon leaching hence dominates at the site, with
75% of the leached C being inorganic, indicating a clear carbonate dissociationto DIC leaching, due to H*. Alt-
hough not measured directly as a soil stock change, we can therefore evaluate that carbonate leaching would lead
to an additional inorganic soil carbon loss of 21 g C m2yr-1, leading to a total of 72 + 21 =93 g C m-2yr-! carbon
loss. The inorganic carbon loss would therefore represent a very significant amount of 22% of the total carbon lost
from the field, which could be induced by high nitrogen fertilisation (193 kg N ha-* as half organic, half mineral,
Table 1) and base cations exports by harvest (Raza et al., 2021; Song et al., 2022; Zamanian et al., 2021). We
should however bear in mind that even if C is lost by DIC-DOC leaching from the 0-60 cm layer, it may lead to a
deep C sequestration by formation of secondary CaCOs (An etal., 2019; Liu etal., 2022).
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Based on the uncertainties identified in this study, some key points should be considered for the next resampling
campaign to improve the SOC stocks changes detectability. First, maintaining consistency in the sampled area and
sampling protocols (including material used for sampling) across campaigns is critical to avoid confounding tem-
poral changes with spatial variability. Second, sampling depth should also extend sufficiently deep (1 m) as SOC
losses and gains vary across the soil profile. Third, accurate quantification of bulk density, rock fragment content,
and fine earth mass remains essential, and consistent protocols should be applied across campaigns to ensure com-
patibility with equivalent soil mass approaches. Finally, Consistent recording of the meteorology, carbon fluxes
and C inputs and outputs together with their uncertainties are also key to interpret the observations.

The application of the ICOS harmonised protocols fulfil all the above-mentioned key points and ensures method-
ological consistency and comparability across years, particularly when using equivalent soil mass approaches.
Some additional observations that are not mandatory in ICOS may be very useful to further understand the soil
carbon stock changes, and in particular organic and inorganic carbon leaching. Together, these considerations will
enhance the ability of future resampling campaigns to robustly detect SOC stock changes and to disentangle man-

agement and environmental-driven effects from spatial and methodological sources of uncertainty.

5 Conclusions

A significant decompaction of the 0-5 cm soil layer was observed over the 13.25 years in this crop field, with an
estimated 22% decrease in bulk density in the 0-5 cm layer and a 5% decrease inthe 5-30 cm layer. This decom-
pactionis likely due to reduced deep tillingand increased intercropping since 2004. However, despite the higher
SOC contentin 2019, the SOC stocks only increased inthe 0-5 cm layer, but decreased inthe 5-30 cm layer, with
no changes in the 30-60 cm layer. Consequently, cumulative SOC stocks in the 0-60 cm layer decreased by
0.95 +0.22 kg C m2, as estimated by the equivalent soil mass approach. As we observeda similar decrease when
using a fixed depth approach in the 0-60 cm layer, we conclude that sampling at a depth of 60 cm in agricultural
soils isa goodway to minimise biases insoil carbon stock evolution estimates.

The annual decrease of cumulative SOC stockwas 72 £ 16 g C m2 yr-1, equivalent toa -0.65%yr-1 rate of decline.
This rate is consistent with earlier studies and supported by the AMG model simulation and flux balance approach
over the 2005-2010 period for our site. Our study, therefore, suggests that reduced tillage, intercropping, and
organic fertilisation may not be sufficient to prevent soil carbon losses when the initial SOC stock s high, as in
our site. As confirmed by other studies, the losses observed here highlight the difficulty of achieving the 4-per-
mille aspirational target in cropping systems representative of the Parisian Basin, which are characterised by rela-
tively large SOC stocks and large exports.

While our study detected SOC changes between 2005 and 2019, important uncertainties remain. Notably, the shift
from a regular-grid design in 2005 (N = 100, nested within the 2019 footprint) to a stratified random design in
2019 (N=20cowering the entire C-fluxfootprint) may introduce artefacts related to soil heterogeneity and reduced
statistical power. This calls for additional campaigns in the future with the same sampling design as in 2019.
According to the AMG model runs, a change of around 0.3 kg C m-2 is expected between 2019 and 2028, which
would be just above the standard error difference of 0.22 kg C m-2 found here, indicating that a sample in 2028
would be meaningful.

These uncertainties call for standardised, high-quality monitoring protocols such as those developed by the ICOS

research infrastructure. Consistent sampling methodologies over time are needed to reliably assess the long-term
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impact of crop management on SOC stocks at sites like FR-Gri, and to improve our understanding of carbon
dynamics in cropland systems. Integrating SOC stock data with CO> flux measurements and lateral carbon fluxes

will be crucial to exploring the underlying processes driving SOC changes.
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