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Revisiting the soil carbon saturation concept
to inform a risk index in European
agricultural soils

T. S. Breure 1 , D. De Rosa 2, P. Panagos 1, M. F. Cotrufo 3, A. Jones1 &
E. Lugato 1

The form in which soil organic carbon (SOC) is stored determines its capacity
and stability, commonly described by separating bulk SOC into its particulate-
(POC) and mineral-associated (MAOC) constituents. MAOC is more persistent,
but the association with mineral surfaces imposes a maximum MAOC capacity
for a given fine fraction content. Here, we leverage SOC fraction data and
spectroscopy to investigate POC/MAOC distribution, together with SOC
changes data over 2009–2018 period, across pedo-climatic zones in the Eur-
opean Union and the UK. We find that rather than a universal mineralogy-
dependent maximum MAOC capacity, an emergent effective MAOC capacity
can be identified across pedo-climatic zones. These findings led us to propose
the SOC risk index, combining SOC changes and effective MAOC capacity. We
find that between 43 and 83 Mha of agricultural soils are classified as high risk,
mostly constrained to cool and humid regions. The index provides a synthetic
information to decision makers for preserving and accruing POC and MAOC.

The pathway to climate neutrality foresees the contribution of the land
to offset the residual sectorial greenhouse gas emissions by 2050,
incrementing the carbon (C) removal from vegetation and soil. In the
European Union (EU), operative policy instruments to increase the
land C sink are atmospheric carbon dioxide (CO2) removal targets in
the land use, land use change and forestry (LULUCF) regulation1 as well
as the recent Carbon Removal Certification regulation2, including
carbon farming. Agricultural soils in the EU, in particular, are depleted
in soil organic carbon (SOC) as compared to other land uses3. Fur-
thermore, the majority of EU agricultural soils are far from saturation
of the stable mineral-associated organic carbon (MAOC) fraction4,5,
allowing the storage of additional C by changing to appropriate
management practices6,7. However, a recent data-driven study esti-
mated a relative SOC loss of 0.75% for the period 2009–2018 in Eur-
opean agricultural soils8. These SOC losses occurred despite
the introduction of both mandatory and voluntary schemes in 2013,
aiming at increasing agricultural sustainability9.

Assessing current bulk SOC content and its change over time
(ΔSOC), while fundamental, does not provide enough information for
effective SOC sequestration interventions. In the last decades, a new
conceptual framework has highlighted the advantage to separate bulk
SOC in two fractions that underlie prevailing mechanisms of SOC
formation and stabilization, namely the MAOC and the particulate
organic carbon (POC)10. MAOC is mostly composed of plant and
microbial derived compounds low in molecular weight, which can be
stabilized by interaction with the soil matrix via sorption and physical
protection11. Consequently, MAOC is more resilient to degradation
compared to POC, and it has a lower turnover time on average4 which
promotes the long-term accrual of atmospheric CO2 into soil. How-
ever, MAOC has a ‘theoretical mineral capacity’ due to a finite number
of mineral surface binding sites, as postulated and demonstrated by a
large body of studies12–14. Therefore, the degree of MAOC saturation
indicates the proportion of measured MAOC over the theoretical
capacity. The theoretical mineral capacity is commonly calculated
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based on soil texture and clay mineralogy to benchmark the saturation
deficit of soils from global databases15,16. Here, we argue that this
mineralogical capacity has a low practical importance for carbon
accrual actions as, for instance, Mediterranean soils would never reach
the MAOC content of acidic soils under the cold climate of northern
Europe, even when sharing the same texture17,18. Commonly, the
method used to calculate a unifying theoretical mineral MAOC capa-
city consists of pooling data together from different soil types, envir-
onmental and management conditions. Then, a linear regression is
applied between MAOC and the soil’s fine fraction content separately
for high and low activity minerals (e.g. Georgiou et al.16). However, this
approach does not acknowledge that the theoretical mineral capacity
may not be achievable as MAOC storage is constrained by additional
emerging ecosystem properties19 that regulate SOC formation and
stabilization such as pH, microbiome characteristics, type of litter and
plant productivity4,20–24. The theoretical mineral capacity has also been
questioned by recent studies25, suggesting oversaturation of mineral
particles due to the binding of organic matter to other organic matter
bonded to minerals, therewith posing the fundamental question to
what degree of surface loading MAOC can be still considered as “sta-
bilized” by mineral-association26.

Based on these premises, we use a clustered approach to calculate
the ‘effective MAOC capacity’. We followed Stewart et al. (2007), in that
an apparent saturation limit can be reached since pedo-climatic and
management conditions impose constraints even with increased C
inputs18. The effective MAOC capacity in our clustered approach thus
constitutes the biophysically achievable MAOC given the cluster’s
pedo-climatic properties, for soils under agricultural land use (Sup-
plementary Fig. 1). Further, to account for the oversaturation of
mineral particles25,27, we formulated three different regression meth-
ods to estimate the effective MAOC capacity.

Additionally, we leveraged information from four datasets to map
a risk index (Supplementary Fig. 1): i) the SOC content in locations that
have been repeatedly surveyed (2009-2018) in the EU Land Use and
Land Cover Survey (LUCAS)28,29, ii) the SOC changes (∆SOC) between
the repeated surveys8, iii) associated visible- and near-infrared (VNIR)
spectroscopy measurements30, and iv) a subset of measured SOC
fractions3,27. The risk index builds on the exposure-vulnerability-hazard
concept from the Intergovernmental Panel on Climate Change31,

(Fig. 1). The exposure component consists of the areal extent, which
are all soils under agricultural land use. The hazard is represented by
ΔSOC, which is the effect of climate and management on SOC storage.
Vulnerability is represented by the level of MAOC saturation within
biophysically homogeneous European agricultural regions. We sug-
gest that mapping the vulnerability and hazard components of agri-
cultural SOC is informative for SOC management. While we applied
this conceptual framework to the EU, which may be further refined
with additional data, we suggest to apply it in other regions to identify
areas at risk of SOC loss as well as areas with the highest potential for
SOC accrual.

Results and discussion
Clustering of pedo-climatic zones across Europe
Bulk SOC storage is known to be an ecosystem property controlled by
climatic conditions, management, plant productivity, soil properties
such as texture and pH, and geomorphological features such as ele-
vation or slope19,21,23. Therefore, approaches using pedo-climatic clus-
tering can provide reliable estimates of bulk SOC storage, as recently
demonstrated across Europe32.

Similarly to bulk SOC, fractions vary with environmental, geo-
chemical and landform gradients22,24. Thus, accounting for these con-
ditions by applying a clustering approach can enable more accurate
estimation of the effective MAOC capacity24. We therefore applied a k-
means clustering procedure based on aridity33, net primary
productivity (NPP)34, measured pH in H2O

28 and landform35 for the
LUCAS soil sampling locations. Soil pH was included as a proxy of clay
mineralogy and SOC turnover (microbial composition), landform to
account for how the erosion and depositional setting affects pre-
ferential displacement of SOC fractions, NPP as a driver of saturation
through C inputs36 and aridity as a synthetic climate parameter con-
trolling SOC storage37–39. We identified sixteen pedo-climatic clusters
such as the coastal areas in mid- and southern-Europe (cluster 1)
(Fig. 2), which generally receive high precipitation rates and show a
large net primary productivity (Fig. 2b).

Relatively arid Mediterranean areas were attributed to separate
clusters (3, 4 and 13), depending on their differences in landform,
whereas their pH range was comparable. Other characteristic pedo-
climatic zones were temperate lowland areas and the acid soils in
north-western Europe (clusters 2, 5 and 15; Fig. 2). Pedo-climatic clus-
ters also varied across smaller geographical scales. For example, con-
sidering the island of Sardinia (IT), the coastal areas were separated
from the inland which showed further variation depending on the
landform and soil pH (Fig. 2a).

MAOC and POC predictions and total SOC changes in
agricultural soils
Based on a subset of measured C fractions3, we predicted POC and
MAOC for the remainder of the LUCAS 2009 survey using visible near-
infrared (VNIR) soil spectra. The VNIR spectra allowed for an inde-
pendent estimate of POC and MAOC from the covariates used in the
pedo-climatic clustering. Predicted MAOC showed good correspon-
dence with measured values for the validation dataset, although to a
lesser extent for POC (Supplementary Fig. 2). However, predicted POC
and MAOC (i.e. POC + MAOC) showed relatively good correspondence
with measured bulk SOC (Supplementary Fig. 3a), considering the
number of samples and geographic extent of the LUCAS survey
(R2 = 0.59, RMSE = 8.8 g kg−1, RPIQ = 1.7, Bias = 0.48, CCC = 0.76). We
related the MAOC:SOC ratio to predicted carbon changes (ΔSOC)
between the 2009–2018 surveys based on De Rosa et al. When plotting
ΔSOC versus the MAOC:SOC ratio, pedo-climatic clusters showed
different ranges for both variables (Fig. 3). Based on a linear least-
squares model, all clusters showed a positive slope, where the inter-
action term of ΔSOC x Cluster was significant for different slope esti-
mates (Supplementary Fig. 4, Supplementary Table 1–2). The positive

Fig. 1 | Soil organic carbon (SOC) risk framework. based on the exposure-hazard-
vulnerability risk concept from the Intergovernmental Panel on Climate Change
(IPCC)31. Soil organic carbon under agricultural land use is considered exposed.
Vulnerability, the mineral-associated organic carbon (MAOC) saturation, deter-
mines the magnitude of the exposure. The hazard (soil organic carbon changes,
ΔSOC) is the integrated effect of climate change and land use that acts on
exposed SOC.
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