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A B S T R A C T   

Soil organic matter (SOM) is a key factor in sustaining soil fertility, sequestering greenhouse gases and reducing 
soil erosion, in this regard, an accurate estimation and monitoring of the SOM content is crucial for sustainable 
land management and climate change mitigation strategies. In recent years, there has been a growing con
sciousness of the need to better understand the dynamics of SOM across different farm management in time and 
space. 

In this context, the main objective of the study is to improve understanding regarding the relationship between 
SOM and the main farming systems adopted in Italy by taking spatial correlation into account. For this purpose, a 
large dataset consisting of topsoil SOM values (0–20 cm) and environmental and farming information was 
collected in 597 locations (145 fields and 62 farms) representative of the whole agricultural area of Po Valley in 
Italy. This sizable dataset was analyzed by a novel geospatial analysis using a de-clustering approach in com
bination with polygon kriging for detecting and understanding the SOM variability over the different fields 
characterized by irregular shapes and different farming systems. 

The results provided clear evidences of the spatial correlation between SOM, farming systems and soil types. 
Higher SOM contents were detected in Cambisols (3.11 %) and in field managed according conservation agri
culture practices (3.22 %) as compared to other farming systems. Moreover the inclusion of fodder crops in the 
rotation and the use of no-tillage are two of the most effective practices for increasing and preserving SOM 
according to our findings. 

Spatial information, such those provided in this study, could facilitate the delineation of tailored solutions for 
each European Member State for targeting future actions related to carbon farming, and offering crucial insights 
to support advancements in agriculture for enhancing soil fertility and health and for fostering sustainable 
agricultural practices.   

1. Introduction 

Agriculture and the food systems are facing two challenges which are 
apparently contrasting: increasing food production continuing to erode 
social and natural systems or promoting environmental sustainability 
contributing to planetary well-being and resilience (IPCC, 2019). This 
situation of pressure has caused crises that can create opportunity for 
structural and systemic transformations to sustainability (Scoones et al., 
2020). 

Agriculture is both a contributor to and affected by climate change in 

Europe and it is responsible for 11 % of greenhouse gas emissions 
(Carsten et al., 2023). In this context, soil organic carbon (SOC) plays a 
crucial role in the health and functioning of terrestrial ecosystems, 
providing numerous benefits ranging from agricultural productivity to 
climate change mitigation. SOC is a key component of soil organic 
matter (SOM), which consists of plant and animal residues at various 
stages of decomposition, cells of soil microorganisms, and substances 
synthesized by soil organisms. SOM improves soil structure, aggregate 
stability and increases the water holding capacity, consequently, soils 
rich in carbon can help to delay or prevent the onset of the water surface 
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runoff after exceptional rainfall events (Falloon and Betts, 2010), which 
are more and more frequent as the recent and dramatic flooding in the 
Po river basin on May 2023 proves (Sabelli, 2023). 

Given the importance of SOM in sustaining soil fertility, sequestering 
greenhouse gases, and maintaining ecosystem services, accurate and 
reliable monitoring of SOM is essential for sustainable land management 
and climate change mitigation strategies (Chenu et al., 2019; Schillaci 
et al., 2021). 

Although the loss of organic carbon under agricultural land use is not 
universal, and modest gains can be seen when low-fertility soil is 
improved (Sanderman et al., 2017), in the vast majority of cases, the loss 
of organic carbon is more common. The decline in organic carbon stocks 
in agricultural soil can vary greatly across the globe due to factors such 
as soil properties, climate, type of land-use conversion, and especially 
the specific management practices used for a particular form of land use 
(Morais et al., 2019). The conversion of large areas of cultivated land to 
grassland would not only be unrealistic but also contrary to food security 
goals (De Rosa et al., 2023). 

In recent years, there has been a growing awareness of the need to 
better understand the dynamics of SOM in soil across different farm 
management, spatial and temporal scales, as well as the factors driving 
its stability and vulnerability to changes in land use and climate con
ditions. Farming practices can significantly affect SOM levels and dy
namics. Conventional agriculture often leads to SOM depletion due to 
intensive tillage, use of synthetic fertilizers, residues management, and 
other management practices that disrupt soil structure and microbial 
communities (Sanaullah et al., 2020). Organic farming, on the other 
hand, tends to promote soil health by avoiding synthetic fertilizers and 
pesticides, using cover crops and organic amendments (Babu et al., 
2023; Gattinger et al., 2012). Conservation agriculture, compared to 
organic farming, is more focused on carbon sequestration, soil health 
restoration and biodiversity and reducing the risk of soil degradation 
practicing reduced tillage (Awale et al., 2013; Newton et al., 2020). 

Recently Dupla et al. (2022) assessed the impact of different agri
cultural practices on SOC content changes over 10 years in Western 
Switzerland region finding out that organic matter inputs and 
cover-crop intensity were significantly correlated to SOC increase, while 
the soil tillage intensity and the soil saturation in carbon were correlated 
to SOC decrease. At the same time, they reported that conservation 
tillage and then no-till practices become necessary to further increase 
SOC contents. Previously González-Sánchez et al. (2012) concluded 
from a meta-analysis of data from 29 publications from Spain that no 
tillage and implementing cover crops can have positive effects on SOC. 
Govaerts et al. (2009) evaluating the effect of reduction in tillage in
tensity, retention of crop residues and use of crop rotations on SOC 
sequestration, finding out the reduction of tillage operations as main 
factor in reducing emissions from farming activities. Contrarily, evalu
ating the carbon sequestration over the whole soil profile (90 cm) and 
using soil samples from the long-term Wisconsin Integrated Cropping 
Systems Trials (WICST) across six different crop rotations, Sanford et al. 
(2012) found that all kinds of crop rotations lost soil carbon, even fields 
under no tillage, perennial forages, and cool-season grass pastures 
although to a lesser extent than fields under conventional tillage prac
tices. The combination of a cool, humid climate in Wisconsin, and the 
already high soil carbon soils in southern Wisconsin place cropping 
systems in this study at a low potential for increasing SOC. Indeed, just 
across Lake Michigan at Michigan State’s Kellogg Research Station, 
Syswerda et al. (2011) have shown an increase in carbon in the upper 
soil profile in no-till situations without losing carbon at depth. 

Perego et al. (2019) showed how conservation agriculture, i.e. a set 
of agronomic practices including minimal soil disturbance (Palm et al., 
2014), was able to increase soil fertility and economic efficiency on 20 
farms in the Po valley. These substantial differences therefore appear to 
be linked to the climate in addition to the soil type. Warm and dry re
gions show the highest potential increase in sequestration from no-till 
and cover crops. The warmth stimulates more crop growth than in 

cool areas, which is returned to the soil, and the relative lack of rain 
means that soil carbon breaks down more slowly than in wet climates. 
Therefore, in order to investigate and obtain insights into the effects of 
agricultural systems and soil management on SOM concentration, the 
different edaphic and environmental conditions must be taken into 
account. 

The Po river basin, covering 7 different regions in Central-Northern 
Italy, is the most important agricultural region in Italy and it contributes 
significantly to the national food supply, serving as a major source of 
staple crops. Consequently, understanding the variations in SOM con
tent across the Po valley is crucial for assessing soil fertility, nutrient 
cycling, and sustainable agricultural practices. These variations can 
inform decision-making processes related to soil management strategies, 
including the application of organic amendments, conservation tillage, 
and crop rotation, aimed at promoting soil health and long-term agri
cultural sustainability. For this purpose, 597 soil samples were collected 
and analyzed for SOM content in topsoil layer (0–20 cm) representative 
of the soils and cropping systems of the whole agricultural area of Po 
Valley. Therefore, the main objective of the study is to compare the main 
farming systems adopted in Italy, i.e. conventional, organic (DG AGRI 
2023) and conservation agriculture, which is understood here as the 
application of farming practices aimed at promoting soil health and 
biodiversity, in terms of SOM content, with the aim to figure out which 
are the more effective practices for SOM restoration. 

Usually the comparison between different farming systems and their 
effects on soil properties, such as SOM, take place in field experiments at 
small scale, where the different treatments are generally allocated at 
random, thus assuming that observations of the response variable were 
uncorrelated or independent. However, the actual scenario in croplands 
is characterized by many fields scattered throughout the territory, and 
having different shapes and surface area and farming systems alter
nating spatially at short distances, consequently it is necessary taking 
into account the spatial correlation of SOM to properly compare the 
effects of different farming practices on this soil property. 

In this regard, here we address the comparison between farming 
systems and practices in terms of SOM from farm to regional scale 
proposing an innovative geospatial approach to solve the problem of 
estimating the mean value of SOM over the different fields characterized 
by irregular shapes and clustered geographical distribution. This geo
spatial approach combines a de-clustering approach with polygon 
kriging (Buttafuoco et al., 2017), therefore estimating the expected 
value and standard deviation of the SOM for each field by taking spatial 
correlation into account. The suggested combined approach was never 
tested before, to the best of our knowledge, and it allowed to properly 
detect best practices and edaphic and environmental variables affecting 
the SOM distribution in croplands. 

2. Materials and methods 

2.1. The river Po basin 

The Po river basin is characterized by a complex orography, about 
50 % of its surface is covered by mountains (Alps in the north and 
Apennines in the south) while the rest of the area predominantly consists 
of flat plains. The basin covers the transition zone between the sub- 
continental climate of Central Europe and the Mediterranean climate, 
with an average annual precipitation of approximately 1200 mm (Beck 
et al., 2018) and great spatial variability due to the influence of different 
climatological regimes (Beniston, 2005). In parallel climate conditions 
in the Po area are changing in a sensitive way: from 1960 to present an 
increase of the annual mean temperature of about 2 ◦C has been 
observed, while an increase in the intensity of the single rainfall events, 
but an overall decrease in the total number of the rainfall events can be 
observed, resulting in a decrease of the annual mean precipitation of 
about 20 % observed during the last thirty years. The decrease is more 
evident during spring and summer seasons (when a maximum decrease 
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of about 50 % can be noticed) whereas the inter-annual variability in
creases (http://www.feem-project.net/water2adapt/01_project_02.ht 
ml. Accessed 1 September 2023). 

The Po basin is one of the mostly populated areas in Italy and it is an 
intensely exploited area, accounting for 40 % of Italy’s gross domestic 
product and 35 % of national agricultural production with farming 
systems generally intensive with high N input (Perego et al., 2014). The 
basin encompasses a diverse range of agricultural activities, including 
crop cultivation, livestock farming, and agro-industrial production, 
making it the primary agricultural region in Italy and it contributes 
significantly to the national food supply, serving as a major source of 
staple crops, such as wheat, corn, rice, and soybeans, as well as dairy and 
meat products. 

The Po basin, covering 7 different regions, is divided into 81 districts 
(Geoportale del distretto Po, 2023), each exhibiting variations in terms 
of soil fertility that can be attributed to several factors, including vari
ations in land use practices, soil management techniques, climate, soil 
types and topography. At the same time soil degradation processes are 
evident and affecting most of Po basin area (EU SOIL OBSERVATORY 
-EUSO Soil Health Dashboard, 2023). 

The main soil types, according to the first level of the Food and 
Agriculture Organization (FAO) classification (IUSS Working Group, 
2015) and extracted from the European Soil Database (Panagos et al., 
2012), are Cambisols, Luvisols mainly in the western part of the basin 
and Fluvisols in the eastern part towards the coast, while Regosols are 
mainly located in the hilly regions of the right side of the river basin 
(Fig. 1). 

2.2. Soil sampling survey 

A soil sampling survey was carried out between 2021 and 2022, 
collecting 597 soil samples within 145 fields and 62 farms in flat crop
land areas of the Po river basin from West Piemonte to the delta river 
close towards the Adriatic Sea. The soil sampling survey was conceived 
and planned to represent the three main agricultural managements 
insisting in this area (conventional, organic and conservation farming), 
and all the main soil classes insisting in the Po river basin (Fig. 1). Field 
classified as organic have been certified for between one and thirty-five 
years with an average time of ten years. All the fields within the con
servation agriculture group, were interested by the application of some 
farming practices aimed at promoting carbon conservation/accumula
tion and biodiversity in soil: i) at least 5-years crop rotation including 

minimum three different crops, one of which is a leguminous, alterna
tively, 4-years rotation can be adopted if green manure and cover crop 
are used; ii) permanent or temporary grassed strips within the parcel 
having the minimum size of 3 % of the whole field. All these fields also 
hold certification for Sustainable Agriculture under the voluntary 
scheme of International Sustainability and Carbon Certification, ISCC 
Plus, the practices leading to recognition have been in place for between 
one and five years. Even though the application of no- or minimum- 
tillage is not mandatory for receiving this certification, the large ma
jority of the selected fields in this work falling into the conservation 
agriculture class, adopted at least one of the two soil conservation 
practices. All the other fields not falling under the organic and conser
vation farming were indicated as conventional. 

The abundance of soil samples collected within a certain soil type 
reflects the extent of that soil type in the investigated area: 406 samples 
in Cambisols (mostly Eutric, Calcic and Dystric Cambisols), 121 in 
Luvisols (mostly Orthic and Gleyic Luvisols) and 70 in Fluvisols (mostly 
Eutric Fluvisols) (Table 1). The samples taken within farms adopting 
conservation agriculture (CA) were 280, 172 insisting in fields managed 
according organic agriculture principles (OR) and 145 in conventionally 
managed fields (CO) (Table 2). For each sampling point, at least 5 
subsamples within a radius of 5 m were picked up to a depth of 20 cm 
and put together in a bucket. After that, the soil was mixed in the bucket 
and a part of the composite sample was air-dried and sieved (2 mm) in 
the lab. SOC value was measured in the laboratory using the Walkley- 
Black method (Walkley & Black, 1934) for each sample and then 
transformed in SOM multiplying by 1.72 and then corrected according 
to Meersmans et al. (2009) correction factor to avoid the underestima
tion of SOM content provided by Walkley-Black method. 

For each soil sample, several information were collected and re
ported in a database, including administrative (region, municipality, 
farm and field name), management (type of management, crop before 
the sampling, organic fertilization, tillage), geographical (field size, 
location, landscape, slope) and soil data (SOM, soil type). 

2.3. SOM content comparison 

2.3.1. Geospatial analysis 
The geostatistical approach was used for the spatial modeling of 

SOM. Geostatistics (Matheron, 1971) consists of a set of models and 
methods for studying variables distributed in space, which exhibit both a 
structure and a random aspect. Any actual value of the target variable 

Fig. 1. River Po basin, soil types and location of the soil samples collected according to the three farming type (conventional, organic and conservation).  
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(SOM in this study) is considered as the outcome (realization) of a 
random variable, Z(x), and called regionalized variable, z(x), here, x is 
the location coordinates vector (x, y). The set of spatially dependent 
random variables, Z(x), forms the random function. The random vari
able is denoted with capital Z, whereas its outcome (regionalized vari
able, z(x)) is denoted with lowercase z. The values of the regionalized 
variable, z(x), at unsampled locations are unknown, but they well 
defined and also considered as realizations (outcomes) of the same 
random variable Z(x) (Armstrong, 1998). 

The basic tool for structural interpretation of the variable under 
study and for its estimation at unsampled locations is the variogram 
(Matheron 1971), which is a function of the vector h (module and di
rection) (lag). The variogram quantifies how different the values become 
as the distance increases for a defined direction and allows to define 
spatial isotropic or anisotropic behaviors. However, the calculated 
variogram (called experimental) consists in a set of unconnected points 
and being used to predict the variable at unsampled locations, it needs to 
be fitted by a continuous mathematical function (model) to calculate 
variogram values for any distances and not obtain negative variances for 
any combination of random variables (Armstrong, 1998; Webster and 
Oliver, 2008). To meet this latter constraint, only a limited number of 
theoretical model types known as authorized variograms can be used. 
The most used variogram models are defined by two parameters: range 
and sill. The first is the distance over which pairs of variable values are 
spatially correlated, while the second (sill) is the variogram value cor
responding to the range. A cross-validation is used to choose the var
iogram model having an optimal fitting. Cross-validation checks the 
compatibility between the data and the variogram model by considering 
each data point in turn, removing it temporarily from the dataset and 
using its neighboring information to predict the value of the variable at 
its location. Mean error (ME) and mean squared deviation ratio (MSDR) 
are used to evaluate the goodness of the fitting (Webster and Oliver, 
2008). 

Even though the geostatistical approach does not require the data 
follow a normal distribution, variogram modeling is sensitive to strong 
departures from normality because a few exceptionally large values may 
contribute to many very large, squared differences. Therefore, a data 
transformation is suggested when skewness is greater than 0.5 (Webster 
and Oliver, 2008) and Gaussian anamorphosis is a suitable procedure to 
transform skew data into a Gaussian-shaped variable with zero mean 
and unit variance (Chilès and Delfiner, 2012; Wackernagel, 2003). 

Moreover, to avoid artefacts in the calculation of the experimental 
variogram due to groups of soil samples compared to other isolated ones, 

a declustering procedure was applied (Chilès and Delfiner, 2012). The 
principle of the declustering application is to assign a weight wi to each 
sample where a given variable is defined taking possible clusters of 
samples into account. To compute the weight wi to be associate to a 
target sample i, the number ni of soil samples inside a moving window 
centered on this target sample is counted. The weight wi is equal to mv/ni 
where mv is the mean of all the ni. The weight will be 1 when the number 
of points inside the moving window equals the mean of the ni. 

The variogram fitted by the declustering procedure was used with 
Polygon kriging (Buttafuoco et al., 2017) and all data to estimate an 
average value of SOM and its associated variance of estimation over 
each of the irregular shaped fields. Polygon kriging is used when the 
estimation has to be made over polygon of irregular shape and different 
size and it is an almost straightforward extension of block kriging 
(Webster and Oliver, 2008). Polygon kriging requires that each polygon 
is firstly discretized in a number of regular cells i, then the average 
covariance function relative to each polygon ν, is calculated as a 
weighted discrete summation of the point covariance function: 

Kαυ =
1

∑Nc

i=1
ρi

∑Nc

i=1
wiKαci (1)  

where each ri relates to the proportion of the intersection area between 
the cell i, centered in the point ci and the polygon v, Nc is the number of 
the cells i within the polygon ν, α is a data point, Kαci is the covariance 
function calculated at each point ci and Kαυ is the average point-area 
covariance relative to the polygon ν. 

To assess the estimation uncertainty of the average values for SOM in 
the three farm management types, their confidence intervals (CI) were 
calculated. The confidence intervals reflect the inability to exactly 
define un unknown value and its uncertainty increase with the CI size. A 
95 % confidence level was used and the upper and lower limits of the CI 
were defined in terms of standard deviation (SD): 

Upperlimit = Averagevalue + 1.96SD
Lowerlimit = Averagevalue − 1.96SD (2) 

The calculation of CI requires that the input values are normally 
distributed, otherwise they have to be converted into Gaussian values. 
Both the average values and standard deviation estimated by polygon 
kriging for each polygon (fields) are Gaussian values. After the calcu
lation of the upper and lower limits for each average value estimate, 
were back transformed into the raw values. 

Table 1 
Summary statistics for topsoil organic matter content (%) for soil type groups. The letters beside the mean values provide information concerning the significance of the 
differences between values (p< 0.05) obtained by post-hoc test.  

Dataset Group Count Mean  Median Min Lower quartile Upper quartile Max Stand. dev. 

Collected Cambisols  406  3.11   2.89  0.83  2.22  3.67  11.45  1.24 
Fluvisols  70  2.84   2.63  0.99  2.2  3.53  5.81  1.06 
Luvisols  121  2.66   2.68  0.71  2.17  3.12  4.99  0.79 

Augmented Cambisols  406  3.11 a  2.89  0.83  2.22  3.67  11.45  1.24 
Fluvisols  406  2.83 b  2.66  0.99  2.2  3.53  5.81  1.02 
Luvisols  405  2.67 b  2.68  0.71  2.22  3.1  4.99  0.76  

Table 2 
Summary statistics for topsoil organic matter content (%) for farming management groups. The letters beside the mean values provide information concerning the 
significance of the differences between values (p< 0.05) obtained by post-hoc test.  

Dataset Group Count Mean  Median Min Lower quartile Upper quartile Max Stand. dev. 

Collected Organic  172  2.82   2.64  0.83  2.09  3.42  6.66  1.02 
Conventional  145  2.71   2.49  0.71  2.09  3.27  5.38  0.95 
Conservative  280  3.22   2.99  1.14  2.41  3.71  11.45  1.26 

Augmented Organic  280  2.83 b  2.65  0.83  2.09  3.43  6.66  1.02 
Conventional  280  2.71 b  2.49  0.71  2.09  3.26  5.38  0.94 
Conservative  280  3.22 a  2.99  1.14  2.41  3.71  11.45  1.26  
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All geostatistical analyses were performed using the software pack
age Isatis.neo, release 2023.04 (Bleines et al., 2018). 

2.3.2. Analysis of variance 
A first exploratory test was conducted to evaluate the effects on SOM 

(the variable of interest) of control factors, that is all the variables that 
could affect the SOM content. For this purpose a multi-way analysis of 
variance (ANOVA) was carried out; in this study we considered as 
control factors and categorical variables for the ANOVA the soil type, 
fertilization type (mineral+organic or organic), tillage (conventional, 
minimum, no tillage) farm management (conventional, organic and 
conservation, pre-sampling crop according to EUROSTAT classification 
(Eurostat: Technical reference document C-3: Classification Land cover 
and Land use, 2015) and Po river hydrographic districts. 

In addition to the spatial analysis, the means of SOM content was 
compared among homogenous groups by all the control factors having 
significant correlation with SOM according the ANOVA results. Due to 
the different abundance of samples within the different groups, a data 
augmentation was performed creating artificial samples within the mi
nority groups by the Synthetic Minority Oversampling Technique 
(SMOTE) (Chawla et al., 2011) using a nearest neighbors approach. The 
augmented datasets were transformed for normality by a box-cox 
transformation. The homoscedasticity assumption was checked on 
transformed data by the Bartlett’s test, if the assumption was verified, 
the ANOVA model and a Tukey post-hoc test were carried out for 
detecting differences between groups (p<0.05), while a one-way 
ANOVA plus Games-Howell post-hoc test were performed if the homo
scedasticity assumption was not verified. All the analyses relate to the 
ANOVA were performed using R software (R Core Team, 2022) 

The soil samples collected within the river Po basin were split into 
four soil aggregate stability classes according their SOM content. The 
SOM thresholds were defined combining the classification of Greenland 
et al. (1975), also reported in Loveland and Webb (2003), with the 
organic content classes indicated by EIP-AGRI Focus Group Soil Organic 
Matter in Mediterranean regions (2015). The resulting classes are: (i) 
very unstable with SOM < 1.72 %; (ii) unstable from 1.72 % to 3.4 % of 
OM; (iii) stable from 3.5 % to 4.3 %; (iv) very stable with OM >4.3 %. 
For each SOM control factor, the Δ% within each aggregate stability 
class was expressed as difference between the observed frequency and 
the frequency of the investigate group in the whole dataset. This variable 
is useful to figure out if a certain group (e.g. samples collected in 
Cambisols) has a frequency for a given aggregate stability class higher or 

lower than the general frequency. 

3. Results 

3.1. The soil dataset 

Most of the soil samples (390) has a SOM content falling in the un
stable class (Fig. 2), in accordance with the map of organic carbon 
content in topsoil of Europe (Jones et al., 2005). The most frequent 
pre-sampling crops are cereals, mostly common wheat and maize, then 
non-Permanent industrial crops, mainly soy bean, sunflower, rapeseed 
and basil (Table 3). Concerning the fertilization, 342 samples were 
collected in fields where mineral+organic fertilizers were applied, and 
251 where organic fertilizers were primarily used. A large variety of 
organic fertilizers were registered in the dataset: cow and poultry 
manure, biogas and barn slurry, compost, digestate, green manure, etc. 
Conventional tillage, is the most common type, minimum tillage is also 
widely used, while pure no tillage, i.e. not alternating with minimum or 
conventional tillage interests few locations (Table 4). 

3.2. Correlation between SOM and control factors 

The ANOVA highlighted a significant correlation between SOM and 
soil types, farming types, pre-sampling crop and tillage (p<0.01), while 
no correlation was detected between the variable of interest and the 
fertilization types (Table 5). However, fertilization showed significant 
correlation with SOM in combination with soil types and together with 
farming and pre-sampling crop. The highest F values were obtained for 
tillage and the combination of tillage and farming type. 

3.3. SOM content comparison between farming types 

Tables from 1 to 4 show the summary statistics for SOM and their 
comparisons between groups of the investigated factors. Concerning 
farming types, CA showed an average SOM content significantly higher 
than OR and CO. A strong positive Δ% (~ +10 %) in the better aggre
gate stability classes and a highly negative Δ% (close to − 20 %) for very 
unstable soils were detected for CA farming (Fig. 3a). An inverse trend 
was observed for OR and CO as compared to CA. However, in order to 
check whether the time elapsed since the adoption of the farming pro
tocol, i.e. CA or OR, has had an influence on SOM content, we split OR 
and CA datasets according to years: from 0 to 2 years (OR 1 and CA 1), 

Fig. 2. Probability density function plots of topsoil organic matter percentage of the whole soil dataset according to aggregate stability classes.  
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from 3 to 5 years (OR 2 and CA 2) and more than 5 only for OR (OR 3), 
while no farms available that had adopted RE practices for more than 5 
years. The statistical comparison reported in Table 6 highlighted how 
the average SOM content is significantly higher in CA 2 (3.64 %) than all 
the other groups. 

The crossing comparison between farming types and soils confirmed 
the significantly higher SOM values for CA in Cambisols and Luvisols, 
while no difference between the three groups were detected in Fluvisols 
(Table 7). 

Considering all the SOM data together, they showed a clear positive 
asymmetry with a skewness of 1.5. Therefore, to model and quantify 
their spatial variability, SOM data were transformed into standardized 

Gaussian values. Moreover, as explained in the methods section, a 
declustering procedure was applied to avoid artefacts in the calculation 
of the experimental variogram because of soil samples that were very 
close (clustered) compared to others that were very far apart. From the 
Gaussian SOM data, a map of 2D variogram (not shown) was computed 
and no relevant difference as a function of direction was found. The 
experimental variogram looked upper bounded with a clear presence of 
variation at two different spatial scales (Fig. 4). Therefore, the fitted 
nested theoretical model included a nugget effect and two isotropic 
spherical models (Webster and Oliver, 2007) at short (about 11,000 m) 
and longer (about 77,000 m) range. The nugget effect is the positive 
intercept in the variogram (Fig. 4), which can arise from errors of 
measurements and spatial variation within the shortest sampling inter
val (Webster and Oliver, 2008). The results of goodness fitting provided 
by cross-validation were satisfactory because the mean error was close 
to zero (-0.006) and standardized error variance equal to 1. 

Then, this variogram was used within polygon kriging to compute for 
each experimental field, the expected SOM value and its standard de
viation. The boxplots of SOM expected values (Fig. 5a) and related 
standard deviations of estimation (Fig. 5b) obtained from polygon 
kriging are reported in Fig. 5. A greater variability of expected SOM 
values was obtained for CA, while less variability was obtained for CO. 
Indeed, the spread of the expected values is greater for CA (stand. dev. =
1.03 % and IQR=1.37 %) than for OR (stand. dev. = 0.92 % and 
IQR=1.26 %) and CO (stand. dev. = 0.89 % and IQR=1.21 %) both in 
terms of standard deviation and interquartile range (Fig. 5a). The least 
dispersion was achieved for CO. Concerning the means and medians of 
the SOM expected values (Fig. 5a), the means are always greater than 
the medians with the maximum difference for OR (0.26 %) followed by 
CA (0.13 %) and CO (0.11 %). 

Conversely, the variability of the standard deviation of estimation is 
lowest for CA (0.06 %), followed by CO (0.05 %) and OR (0.11 %) 
(Fig. 5b). The standard deviation of estimation does not depend on data 
values, but on the configuration of the sampling points in relation to the 
target point of estimation and on the variogram (Webster and Oliver, 
2008). Intuitively, the accuracy of an estimate is lower in more variable 
areas than in those with low variability. Therefore, one interpretation 
might be the lower variability of SOM values locally for CA than for OR 
and CO. 

Another way to assess the results of polygon kriging and estimate the 
uncertainty of the average values for SOM in the three cropping systems, 

Table 3 
Summary statistics for topsoil organic matter content (%) for pre-sampling crop groups. The letters beside the mean values provide information concerning the 
significance of the differences between values (p< 0.05) obtained by post-hoc test.  

Dataset Group Count Mean  Median Min Lower quartile Upper quartile Max Stand. dev. 

Collected Cereals  372  3.06   2.83  0.71  2.18  3.64  3.64  1.27 
Dry pulses, vegetables and Flowers  89  2.77   2.88  0.83  2.13  3.44  3.44  0.85 
Fodder crops  28  3.81   3.91  1.85  2.88  4.53  4.85  1.12 
Non-permanent industrial crops  108  2.67   2.58  1.08  2.22  2.97  2.97  0.74 

Augmented Cereals  372  3.06 b  2.83  0.71  2.18  3.64  3.64  1.27 
Dry pulses, vegetables and Flowers  372  2.76 c  2.88  0.83  2.13  3.43  3.44  0.84 
Fodder crops  372  3.79 a  3.92  1.85  2.84  4.54  4.86  0.99 
Non-permanent industrial crops  372  2.67 c  2.58  1.08  2.22  2.98  2.95  0.7  

Table 4 
Summary statistics for soil organic matter content (%) for soil tillage groups. The letters beside the mean values provide information concerning the significance of the 
differences between values (p< 0.05) obtained by post-hoc test.  

Dataset Group Count Mean  Median Min Lower quartile Upper quartile Max Stand. dev. 

Collected Conventional tillage  317  2.84   2.68  0.99  2.11  3.53  6.66  0.97 
Minimum tillage  235  3.04   2.85  0.71  2.31  3.51  10.9  1.24 
No tillage  45  4.47   4.01  2.5  3.26  5.68  8.46  1.6 

Augmented Conventional tillage  317  2.84 b  2.68  0.99  2.11  3.53  6.66  0.97 
Minimum tillage  317  3.06 b  2.87  0.71  2.33  3.52  10.9  1.19 
No tillage  317  4.46 a  3.98  2.5  3.22  6.14  8.46  1.52  

Table 5 
Results of the analysis of variance (ANOVA) conducted to evaluate the effects of 
soil type, tillage, fertilization, farming type and pre-sampling crop on soil 
organic matter (the variable of interest. *** p<0.001; **p<0.01; *p<0.05; ns 
=not significant.  

Control factors F value Pr (>F) 

Tillage  39.15 *** 
Soil  12.58 *** 
Fertilization  2.86 ns 
Farming  11.16 *** 
Pre-sampling crop  13.03 *** 
Tillage: Soil  2.15 * 
Tillage: Fertilization  5.26 ** 
Soil: Fertilization  7.87 *** 
Tillage: Farming  39.74 *** 
Soil: Farming  5.68 *** 
Fertilization: Farming  3.39 * 
Tillage: Pre-sampling crop  11.88 *** 
Soil: Pre-sampling crop  1.91 * 
Fertilization: Pre-sampling crop  1.02 ns 
Farming: Pre-sampling crop  9.16 *** 
Tillage: Soil: Fertilization  5.62 *** 
Tillage: Soil: Farming  9.5 *** 
Tillage: Fertilization: Farming  2.16 ns 
Soil: Fertilization: Farming  9.92 *** 
Tillage: Soil: Pre-sampling crop  3.18 * 
Tillage: Fertilization: Pre-sampling crop  2.36 ns 
Soil: Fertilization: Pre-sampling crop  4.51 * 
Tillage: Farming: Pre-sampling crop  2.72 ns 
Soil: Farming: Pre-sampling crop  0.71 ns 
Fertilization: Farming: Pre-sampling crop  20.68 ***  
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was to calculate the 95 % confidence intervals (Eq. 2). From the visual 
inspection of Fig. 6, the variability and uncertainty of the expected 
values in individual plots is clear. Indeed, there is a certain dispersion of 
results and no particular trend is evident in any of the three cropping 
systems. 

However, it is equally clear that the average expected value of SOM 
is generally higher in CA. This is also shown in Fig. 5, in which both the 
mean and median of the expected SOM values are higher in CA than in 
OR and CO. Furthermore, considering the average of all expected values 
of SOM (2.91 %) in the three cropping systems, the proportion of times 
in which the expected value of SOM is higher than the above average is 

49.3 % in CA, 33.3 % in OR and 27.3 % in CO. This result provides clear 
indications of a trend towards higher values for CA. 

3.4. SOM comparison according to other parameters 

3.4.1. Soil types 
Samples collected in Cambisols have a wide range of SOM content 

and the average value is significantly higher than those observed in 
Luvisols and Fluvisols (Table 1). Cambisols and Luvisols showed oppo
site behavior in Fig. 3b: Cambisols have positive Δ% in Stable and Very 
stable (>15 %) classes where Luvisols showed negative values (-15 % in 

Fig. 3. Percentage variation (Δ%) within each aggregate stability class expressed as difference between the observed frequency and the frequency of the investigate 
group in the whole dataset for farming type (a), soil type (b), pre-sampling crop (c) and tillage (d). 

Table 6 
Summary statistics for topsoil organic matter content (%) for each farming type subsets according to the years since the farming type was adopted. The letters beside 
the mean values provide information concerning the significance of the differences between values (p< 0.05) obtained by post-hoc test. * OR=organic farming; CO=

conventional farming; CA= conservation farming.  

Dataset Group Years Count Mean  Median Min Lower quartile Upper quartile Max Stand. dev. 

Collected OR1 0–2  25  2.98   3.16  0.99  2.22  3.56  5.00  0.96 
OR 2 3–5  68  2.93   2.49  1.52  2.09  3.91  5.00  1.02 
OR 3 >5  79  2.68   2.57  0.83  2.03  3.06  6.66  1.04 
CA 1 0–2  144  2.82   2.68  1.30  2.22  3.30  6.48  0.87 
CA 2 3–5  136  3.65   3.37  1.14  2.71  4.04  10.9  1.47 
CO   145  2.71   2.49  0.71  2.09  3.27  5.38  0.95 

Augmented OR1 0–2  144  3.03 b  3.18  0.99  2.22  3.61  5.00  0.83 
OR 2 3–5  144  2.95 b  2.46  1.52  2.09  3.95  5.00  1.02 
OR 3 >5  145  2.67 b  2.57  0.83  2.03  3.09  6.66  1.01 
CA 1 0–2  144  2.81 b  2.68  1.30  2.22  3.30  6.48  0.87 
CA 2 3–5  144  3.64 a  3.42  1.14  2.71  4.01  10.90  1.44 
CO   145  2.71 b  2.49  0.71  2.09  3.27  5.38  0.95  

Table 7 
Summary statistics for topsoil organic matter content (%) for each combination of farming type and soils. The letters beside the mean values provide information 
concerning the significance of the differences between values (p< 0.05) obtained by post-hoc test. * OR=organic farming; CO= conventional farming; CA= con
servation farming.  

Soil type Dataset Group Count Mean  Median Min Lower quartile Upper quartile Max Stand. Dev. 

Cambisol Augmented OR  199  2.92 b  2.68  0.83  2.04  3.68  6.66  1.08 
CO  198  2.84 b  2.65  1.08  2.12  3.50  5.38  0.95 
CA  199  3.34 a  3.04  1.48  2.47  3.84  10.90  1.37 

Fluvisol Augmented OR  32  2.87 a  2.73  0.99  2.25  3.22  5.00  1.14 
CO  32  2.97 a  2.82  1.93  2.35  3.46  4.74  0.79 
CA  32  2.67 a  2.41  1.14  1.99  3.46  5.81  1.07 

Luvisol Augmented OR  48  2.56 b  2.50  1.30  2.17  2.84  4.42  0.58 
CO  49  2.06 c  2.14  0.71  1.60  2.52  3.77  0.79 
CA  49  3.09 a  3.09  1.30  2.68  3.54  4.99  0.71  
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Very stable). On the contrary, for the Very unstable class, Fluvisols and 
Luvisols showed positive Δ% and Cambisols a strong negative value 
close to − 20 %. 

Going into more detail into soil classes, the SOM content values were 
compared also between groups made up from the second level of FAO 
soil classification (Fig. 7). The average SOM values of Orthic Luvisols 
(3.40 %) and Calcic Cambisols (3.78 %) are significantly higher than the 
other classes, while the lowest value was found for Dystric Cambisols 
(2.12 %) (Fig. 7). Concerning the distribution of farming systems ac
cording sol types, the highest frequency for CO was observed in Dystric 
Cambisols (50 %), for CA in Calcic Cambisols (75 %), while the fre
quency of OR ranges between 30 % and 40 % for all soil types except in 
Dystric Cambisols and Calcic Cambisols where no OR soil samples were 
collected (Fig. 8). 

3.4.2. Pre-sampling crops 
Table 3 shows a significantly higher SOM content in field interested 

by fodder crops before the soil sampling as compared to cereals, Dry 
pulses, vegetables and flowers and non-permanent industrial crops. 
Cereals and Fodder crops show the highest positive Δ% in the very stable 
group, while, in the same group, dry pulses, vegetables and flowers 
category and non-permanent industrial crops have strongly negative Δ% 
(Fig. 3c). 

3.4.3. Tillage 
SOM content observed in no tillage fields showed a significantly 

higher than the other two tillage types, while no significant differences 
were detected between conventional and minimum tillage (Table 4). 
The highest positive Δ% in very stable class was observed for no tillage 
(+12 %), while the conventional tillage showed a negative Δ value 
around 15 % (Fig. 3d). Minimum tillage showed a slightly positive Δ in 
all the aggregate stability classes except in stable class. 

4. Discussion 

Across all the soil samples included in this study spanning over 145 
fields and 62 farms representative of the soils and cropping systems of 
the whole agricultural area of Po Valley in Italy, SOM is 13.8 % and 
18.8 % higher in CA compared to OR and CO respectively. This result 
agrees well with the previous findings in literature (Govaerts et al., 
2009; Ogle et al., 2012; Perego et al., 2019; Stavi et al., 2016; Virto et al., 
2012). Our study, covering a vast area, demonstrates the highly variable 
and uncertain response of SOM to different agricultural management 
practices. As indicated by the ANOVA analysis, soil type, farming type, 
tillage and the crop preceding the soil sampling exhibited significant 
correlations with SOM levels. Conversely, various fertilization treat
ments and hydrographic districts did not show any notable impact on 
SOM. 

Regarding fertilization treatments (organic and organic+mineral), 
our results contradict those of Guo et al. (2019), who reported signifi
cant effects of fertilization treatments over a 22-year period in a field, 
with organic and organic-inorganic fertilizers significantly increasing 
SOC content. However, our findings align with other studies in the 
literature, including long-term analyses on topsoil (0–20 cm), such as 

Fig. 4. Experimental variogram (filled black dots) and fitted theorical model 
(solid red line) of Gaussian soil organic matter values. The experimental vari
ance (black dashed line) is also reported. 

Fig. 5. Boxplots of topsoil organic matter expected values (a) and standard deviations of estimation (b) obtained from polygon kriging.  
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Wu et al. (2019) and Liliana et al. (2020). Nonetheless, the ANOVA 
showed that fertilization can be a key factor for SOM content, but only in 
combination with other factors such as soil type, pre-sampling crop and 
tillage (Table 5). 

Among the significant factors, the crop preceding soil sampling 
showed distinct clustering. Notably, the average SOM value for fodder 
crops was significantly higher than for other crop types. Furthermore, all 
samples with a previous crop of fodder crops were either in the OR or CA 
categories, with a significant difference in SOM content (6.2 % for CA 
and 3.3 % for OR). This different response to the use of fodder crops 
before soil sampling between CA and OR could be explained observing 
the soil types insisting in the two categories; all the CA fields, where 
fodder crop grew before the sampling, insist in Orthic Luvisols, that is 
the soil type characterized by the highest average SOM content (Fig. 8), 
while the OR fields mostly fall within poorer soils. In a recent meta- 
analysis, Zheng et al. (2023) quantitatively assessed crop 
rotation-induced changes in soil aggregation and associated SOC based 
on 2199 paired observations from 53 studies. They found that crop 

rotation effects are particularly pronounced when the previously culti
vated crop was soybean, this finding contrasts with our results, but it’s 
essential to note that their analysis only included alfalfa as a fodder crop 
in crop rotation. 

In our study area, Cambisols, Luvisols, and Fluvisols are the domi
nant soil types. Generally, average SOM content is higher in Cambisol 
than in Fluvisols and Luvisols, with the latter typically having the lowest 
values. These results are consistent with findings reported by Calvo de 
Anta et al. (2020) for Spanish agricultural areas (1.2 %, 1.0 %, 0.6 % 
SOC for Cambisols, Luvisols, and Fluvisols, respectively) and differ from 
those of Munoz-Rojas et al. (2012), where Cambisols generally exhibited 
lower SOC values than Fluvisols and Luvisols. Extracting the average 
value for each soil type insisting within the Po basin from the map of the 
topsoil organic carbon content of Europe (de Brogniez et al., 2015), 
Cambisols showed highest values (SOC=3.2 %) as compared to the other 
two soil types (2.3 %). However most of the regions interested by 
woodlands insist on Cambisols and this could strongly influence the 
average SOC content; in fact, selecting only the regions interested by the 

Fig. 6. Expected value (solid circles) and 95 % confidence intervals (vertical lines bordered by a horizontal dash) of the topsoil organic matter (SOM) in the plots 
submitted at the three cropping systems. 

Fig. 7. multiple density plots for topsoil organic matter content (%) for each Level 2 soil type considering the augmented dataset. The black vertical lines indicate the 
mean values. The letters close each plot indicate if significant differences exist between the mean values. 
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soil dataset, therefore only croplands, the differences among soil types 
level off, showing average values around 2 % for all the three soil types. 
CA samples showed the highest average SOM content among farming 
types for Luvisols and Cambisols, while for Fluvisols there are no sig
nificant differences (Table 7), this could be due to the low number of 
samples collected within these soils, more in particular, the samples 
collected in CO, that have the highest SOM average value (3.01 %), are 
only localized in a narrow area close to the Po delta, and generally 
characterized by high carbon stock values according to the European 
map of the current SOC stock produced by Yigini and Panagos (2016) 
and derived by LUCAS topsoil data. De Rosa et al. (2023) produced the 
map of yearly rate of SOC stock changes (Δ SOCc) in topsoil in Europe 
between 2009 and 2018, and, although this is a time interval prior to the 
creation of our dataset, we extracted the map values corresponding to 
sampling points to observe whether there are different potentials be
tween soil types. We found an average Δ SOCc close to 0 g C kg− 1 year− 1 

for most of the soil types, while for Eutric Cambisols an average increase 
of 0.11 has been observed and 0.06 for Eutric Fluvisols, therefore we 
could infer that these two soil types in this region have a higher SOC 
storage potential as compared to the other soils. Observing the European 
clay map produced by the European Soil Data Center (ESDAC) (Fer
nandez et al., 2022), both Eutric Fluvisols and Eutric Cambisols fall in 
clay-rich regions, and high soil clay content have a positive influence on 
Δ SOCc (De Rosa et al., 2023), especially where the initial SOC content is 
not very high. Also Zheng et al. (2023) have identified initial SOC value 
as one of the most influential factor, together with climate, for carbon 
increase in soil. Even though Eutric Cambisols are among the most 
productive soils in agriculture according FAO, they did not show the 
highest SOM values within the investigated region, therefore a further 
improvement in terms of SOC stock may be expected for croplands 
insisting in these soils. 

Perego et al. (2019) compared conservation and conventional 
farming system in 20 farms distributed across a very large region, 
however these farms are far away from each other and the comparison of 
soil and crop parameters occurred in each farm individually, thus 
properly assuming that observations of the response variables were 
uncorrelated or independent. However, the reality of large agricultural 
areas is quite different from a controlled field experiment, and the soil 
properties are generally spatially correlated, i.e. close measurements 
should be more similar than those made at greater distances. Therefore, 
we have taken the spatial correlation of SOM values across the Po river 
basin into account by the combined geospatial approach, highlighting 

that their spatial variation is not random and can be modeled by a 
variogram. Two different spatial scales of variation have been observed 
and have been modeled by a nested variogram in which different the
orical models (structures) have been combined. The first spatial struc
ture has a range of 11 km, which describes a local scale, probably 
limited by differences in farming and geomorphological features, and a 
second spatial structure which runs out at a distance of 77 km, thus at 
regional scale, that could be mainly determined by differences in soil 
type. However, soil type alone does not determine SOM content, but by 
its combination with agricultural management. Therefore, for a specific 
soil type to express its full potential in terms of SOM storage, it needs to 
be properly managed, and this study clearly highlighted as farming 
system is one of the main key factor for SOM content storage in crop
lands. A review of the main agricultural practices affecting SOM stocks 
was presented by Dignac et al. (2017). More in detail, both the statistical 
and geostatistical analyses demonstrated as the samples collected in 
field managed according to CA have higher SOM content as compared to 
those collected in OR and CO fields. However, taking into account the 
great influence of soil type on SOM content which came to light in the 
investigated area, we carried out a further analysis to exclude that dif
ferences between farming systems can be distorted by different fre
quencies of soil types. Observing the frequency of the two SOM-richest 
soil types (orthic Luvisols and calcic Cambisols) for each farming type, 
we noticed how there are no OR sample collected in Calcic Cambisols 
(Fig. 8). This unbalanced distribution could affect the SOM comparison 
between farming types, however carrying out a test excluding all the 
Calcic Cambisols samples, we observed how CA still showed an average 
SOM content (3.26 %) significantly higher than OR (2.91 %) and CO 
(2.73 %). 

When we consider the duration of adoption of CA and OR practices, it 
becomes evident that CA, when implemented for more than 3 years, 
exerts a significant impact on SOM, even surpassing the effect of OR 
practices adopted for more than 5 years. Furthermore, the greater 
variability observed in CA (Table2; Fig. 5), as opposed to both OR and 
CO ones, and with OR variability higher than CO, aligns with the dy
namics of converting from CO to alternative farming approaches. This 
pattern is influenced by the diverse conversion histories and durations 
represented in our dataset, which encompasses a wide range of farms 
undergoing various stages of conversion. These findings agree, to some 
extent, with previous literature as reported by Perego et al. (2019), who 
studied a smaller number of farms within the same study area, 
comparing conservation practices to conventional practices. Perego 

Fig. 8. Frequency of each farming type (CO=conventional; OR=organic; CA=conservation) within the six soil types.  
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et al. (2019) demonstrated that conservation agriculture led to a notably 
higher SOC content within the medium-term group, where "medium-
term" denotes a period exceeding 3 years but less than 10 years (from 
2006 to 2013, with soil analyses conducted between 2014 and 2016). 
According to our results, one of the more effective practices for SOM 
conservation is no-tillage and this is in agreement with the findings of 
Perego et al. (2019) and Tabaglio et al. (2009) which observed a higher 
SOC increase for no-tillage fields as compared to conventional tillage. 

Our findings and the map of Δ SOCc provided by De Rosa et al. 
(2023) show that the ideal conditions for SOM accumulation in the first 
soil layer within Po basin are more likely to occur in Cambisols, in 
particular in Eutric Cambisols, thus along the main stem of the Po river 
and in the Northern -East part of the basin and close to the delta on 
Fluvisols. Even though the average rate of Δ SOCc was generally quite 
low, the standard deviation of the Δ SOCc values is generally very high; 
consequently it might be assumed that the adoption of the more tailored 
farming practices could push the rate beyond the maximum observed 
values, i.e. beyond +0.36 g C kg− 1 year− 1. Dal Ferro et al. (2020) 
analyzed SOC along soil profiles (i.e., topsoil and subsoil) of a 50 years 
old experiment in northeast Italy observing as the total SOC stock 
noticeably changes according soil types; in silty loam soil they detected a 
SOC stock of 116.6 Mg ha− 1, while in sandy Arenosol the SOC stock was 
23.2 Mg ha− 1. Generally the SOC ratio between topsoil (20 cm) and full 
profile can vary between 0.26 and 0.56 (Jobbagy and Jackson, 2000; 
Omonode and Vyn, 2006), and Dal Ferro et al. (2020) concluded that 
topsoil SOC accumulation could be an affordable proxy for SOC storage 
estimation in subsoil. However topsoil texture and soil management 
strongly influences the differences in terms of SOC accumulation be
tween topsoil and subsoil, for instance, SOC is generally more labile in 
sandy soils that leads to a very low topsoil/subsoil SOC ratio (Dal Ferro 
et al., 2020). 

Regarding the farming practices, the results of the statistical and 
geostatistical analysis show that although characterized by great vari
ability in the expected values of SOM in each plot (Fig. 5a), the most 
influential practices for increasing SOM in the Po basins are those 
related to conservation agriculture and in particular no-tillage in com
bination with organic fertilization and including fodder crops in the 
rotation. These findings are in agreement with those of Dal Ferro et al. 
(2020) that indicated the combination of minimum soil disturbance and 
organic inputs as the best management practices in croplands for 
increasing SOC accumulation, especially in soil poor in SOC, i.e. soils far 
from the SOC stock saturation. The adoption of these practices for at 
least 3 years in Eutric Cambisols and Eutric Fluvisols could help to reach 
noticeable results in terms of SOM increasing rate that we can estimate 
between 0.2 % and 0.4 %. Obviously the magnitude of the SOM increase 
is related to the initial SOM content and to the clay content, maximum 
increase are then expected where we have low initial SOM content and 
high clay (De Rosa et al., 2023), while low rates can be envisaged where 
SOM is close to its saturation and clay content is low. The other soil types 
insisting in the Po basin still offer prospects of improvements where the 
above described practices will be adopted. A further support of what was 
stated above about CA practices, the standard deviation of estimation 
associated at each SOM expected value is the lowest for CA (Fig. 5b) and 
this might be interpreted as the occurrence of the lowest variability of 
SOM values locally for CA, that would provide clear evidence of less 
variability within individual plots submitted to CA compared to CO and 
OR farming. 

All these findings suggest the adoption of soil management tailored 
to the real potential of the region of interest in terms of SOC stock. The 
results of this study provide essential information for supporting agri
culture towards an effective increasing of the soil fertility and health. As 
De Rosa et al. (2023) suggested, carbon farming policies should not be 
limited to the SOC quantification, but it should consider the different 
soil potentialities existing in Europe, because soil types and climate, 
both precipitation and temperature, strongly influence the changes in 
SOC content in croplands. Consequently, we cannot expect the same 

yearly SOC change rate in Mediterranean and Continental European 
regions, due to very different rates of SOM mineralization; but even in 
the same climate region, the different substrates can generate different 
soil textures in topsoil and we need to consider how loamy and clay soils 
are naturally more rich than sandy soils due to higher aggregate stability 
and water retention capability. In this regard, Perego et al. (2019) 
suggested a reinforcement of the policy support at farm and regional 
scale for improving conservation agriculture techniques making them 
more adaptable to local realities. Spatial information, such those pro
vided in this study, could facilitate the delineation of tailored solutions 
for each European Member State for targeting future actions related to 
carbon farming and to achieve compliance with the LULUCF regulation 
(De Rosa et al., 2023). Also moving in this direction is the recent EU 
Directive Soil Monitoring and Resilience and the outlook outlined in the 
report on the Status of health in the European soils about soil organic 
carbon change. Moreover, in this report is emphasized the importance of 
creating an awareness among farmers of the current situation about the 
unsustainable use of agricultural land and to promote a more sustainable 
use of agricultural soils, which might increase the SOM stock. 

5. Conclusions 

A novel geospatial approach has been implemented for evaluating 
how farming systems influence organic matter content in cropland soils. 
The results provided clear evidences of the spatial correlation between 
SOM and farming system and soil type in the Po river basin, a pivotal 
Italian agriculture area. The spatial and statistical analyses showed a 
significant higher SOM content in field managed according conservation 
agriculture practices as compared to other farming systems. The findings 
from the current study offer crucial insights to support advancements in 
agriculture for enhancing soil fertility and health. Simultaneously, they 
underscore the importance of extensive research aimed at developing 
and customizing diverse farming approaches on both regional and farm 
scales. At these levels, there is a clear imperative for sustained, inter
disciplinary investigations to discern whether conservation practices, in 
comparison to other farming systems, can unlock social and economic 
advantages while fostering resilience against the impacts of climate 
change for the Mediterranean hotspot. 

In conclusion, the application of established knowledge is pivotal not 
only for persuading farmers to transition to alternative farming practices 
but also for equipping them with the necessary knowledge, tools, and 
information. This holistic understanding is essential for fostering sus
tainable agricultural practices and ensuring a resilient and productive 
agricultural sector in the face of evolving environmental challenges. 
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