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HIGHLIGHTS

e New models were developed to project
soil electrical conductivity (EC) across
EU + UK.

e Results include 1 km gridded soil EC
data with uncertainty.

e Forward feature selection was applied to
find key predictors for EC estimation.

e Models trained on ~40,000 EC points
from LUCAS and ~20,000 from WoSIS
datasets.
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ABSTRACT

Soil salinization, referring to the excessive accumulation of soluble salts in soils, adversely influences nutrient
cycling, biodiversity, soil structure, crop production, soil health, and ecosystem functioning. Accurately assessing
soil salinity via electrical conductivity (EC) is key to mitigating its impacts. Thus, developing predictive tools for
soil EC at regional and continental scales is essential for sustainable soil management. Here, we apply machine
learning models to predict soil EC in the European Union (EU) and United Kingdom (UK) soils using different
environmental factors like soil, climate, topography, and satellite data as predictors. The model is trained by
~40,000 soil EC data points from the 2015 and 2018 Land Use/Cover Area Frame Survey data (LUCAS) surveys,
complemented by the EC observations from World Soil Information Services (WoSIS) dataset. To improve the
model performance, a forward feature selection technique was used resulting in selection of 17 covariates out of
initially 34 predictors. The final selected XGBoost model achieved R? values of 0.68, 0.6, and 0.63 for the
training, internal testing, and independent validation datasets, respectively. For the year 2018, we estimate
~21.7 Mha of EU + UK land exceeds an EC of 0.6 dS/m (at a 1:5 soil to water ratio, the so-called EC;y:s5). This
estimate should be interpreted as elevated predicted ECy.s, rather than a direct estimate of soils meeting
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protosalic diagnostic criteria. The output of the predictive model consists of a gridded dataset that illustrates the
spatial distribution of EC;.5 throughout the study area for the year 2018, along with an associated uncertainty
map with a spatial resolution of 1 km.

1. Introduction

Soil salinization is an increasingly critical issue within the broader
context of global soil health and degradation. Saline soils are charac-
terized by excessive accumulation of water-soluble salts (Shokri et al.,
2024), while sodic soils are an allied problem specific to the amount
of sodium (Na™) relative to other cations. Soil salinity is often measured
through the electrical conductivity (EC) of the soil solution, typically
expressed in deciSiemens per meter (dS/m) (Richards, 1954). Soil sali-
nization hinders the growth of natural ecosystems, soil fertility, agri-
cultural productivity, and leads to osmotic stress and nutritional
imbalance (Penuelas et al., 2013). Additionally, it is a critical environ-
mental factor influencing bacterial diversity (Lozupone and Knight,
2007) and can compromise soil structure, affecting its physical charac-
teristics such as porosity and permeability (Rengasamy et al., 2003).
Furthermore, soil salinization hinders the soil's capacity to sequester
carbon, thereby increasing greenhouse gas emissions that affect the
climate (Hassani et al., 2024). The process of soil salinization also affects
water evaporation from soil (Shokri-Kuehni et al., 2017) and impacts
transpiration rates in salt-stressed plants, thereby affecting the water
cycle and a wide range of hydrologic processes (Bresler et al., 2012). Salt
storms originating from salinized regions pose significant risks to human
health and ecosystems (Hassani et al., 2020a).

While soil salinization is a global environmental issue, it is observed
more in arid and semi-arid regions where precipitation is less than
evapotranspiration, such as the Middle East, South America, and
Australia (Hassani et al., 2020b). Although not a widespread problem in
Europe as far as we know, soil salinization is acknowledged as an
important factor contributing to soil degradation (Shokri et al., 2025),
especially in the Mediterranean region (Daliakopoulos et al., 2016).
Moreover, soil salinization is an insidious problem that emerges over
time, often unobserved. Saline and sodic soils are difficult to map reli-
ably because many of the processes that create salinity are highly dy-
namic and strongly seasonal. As a result, soil maps tend to depict only
the well-established, persistently saline areas, while more ephemeral
expressions of salinity frequently fall outside the diagnostic thresholds at
certain times of year. For example, a soil profile may fail to meet the
salic-horizon criteria following winter rains, yet the same profile may
clearly qualify during the dry summer months when salts re-accumulate
at the surface. Consequently, areas with protosalic conditions (ECe > 4
dS/m) may be underrepresented in salinity maps when EC values fluc-
tuates seasonally or only narrowly miss the formal diagnostic limits at
the time of sampling . This seasonal instability means that current maps
may under-represent the emerging extent of soil salinity across Europe
and remain biased towards long-standing, strongly developed saline
soils.

As indicated in the recent Mission Board's report for Soil Health and
Food to the European Commission (Veerman et al., 2020) and the EU
Soil Observatory dashboard, 60-70% of the soil in the European Union
are considered as “unhealthy” (Panagos et al., 2024) which requires
serious actions to “put Europe on a trajectory towards sustainable land
and soil management”. For soil sustainability in Europe, the Mission
Board's implementation plan requests to reduce desertification and
salinization through the restoration of 50% of the degraded land by
2030 as the first objective. Achieving this aim requires a thorough un-
derstanding of the current and future extent and dynamics of soil sali-
nization across Europe under varying conditions.

Several studies have been undertaken to assess soil salinity
throughout Europe. One of the pioneering efforts was by Szabolcs
(1974), who created a map of salt-affected soils for Europe at a scale

of 1:1,000,000, relying on expert insights and national soil surveys. This
map was later revised by Toth et al. (2008), who used data from the
European Soil Database (ESDB, 2004) available in European Soil Data
Centre (ESDAC) (Panagos et al., 2022), to enhance the continental soil
salinity map. They relied on the distribution of Solonetz and Solonchaks,
which have high salinity, and potentially overlooked emerging salinity
hotspots. Although these maps give useful information about how soil
salinity is spread across the EU, they do not show how it changes over
time. Also, they are based on old and limited expert observations with
coarse spatial resolution. These shortcomings necessitate an updated
mapping approach for soil salinity that provides an analysis framework
for both state and ultimately change across the EU.

On the other hand, several recent global studies provide information
on the extent of saline soils across the EU. These studies apply ML al-
gorithms and use EC of the saturated soil extract (ECe) from the World
Soil Information Service (WoSIS) dataset as the target variable. Ivushkin
et al. (2019) developed a categorized soil salinity map with classes
ranging from non-saline to extremely saline; however, it did not provide
per-cell salinity values. The studies conducted by Hassani et al. (2020b)
and Wang et al. (2024) provide gridded datasets of predicted soil salinity
at spatial resolutions of 1 km and 10 m, respectively. These studies give
global estimates; however, their predictions for Europe have much un-
certainty because the data points used to train the ML models are mainly
spread out of the EU. These limitations highlight the importance of
creating an updated, data-driven soil salinity map utilizing soil salinity
measurements across the EU.

Regular monitoring is essential to prevent and address the adverse
impacts of soil salinization. Various methodologies have been utilized to
detect and monitor soil salinity, including conventional field sampling
techniques, geophysical methods, remote sensing imagery (RSI), and the
application of machine learning (ML) algorithms. Field measurement
represents the traditional approach to soil assessment, which includes
collecting samples in the field followed by laboratory analysis (Shokri
et al., 2024). This method is effective for tracking changes in soil
salinity at a local level or over short periods. However, due to the
extensive demands of fieldwork, laboratory analysis, and increased
costs, instead of measuring ECe, more rapid methods are sought. EC;.5,
which is less involved in the laboratory, is seen as a compromise for
reconnaissance surveys at national scales.

Numerous studies have employed optical, thermal, radar, and
hyperspectral sensors mounted on satellites such as Landsat, Sentinel,
MODIS, and PRISMA to develop soil salinity indices and monitor the
spatiotemporal variations in soil salinity. For instance, Alqasemi et al.
(2021) used Landsat 8 OLI imagery to estimate salinity and vegetation
indices, while developing a statistical model to combine the ground
truth data and the indices developed to quantify and monitor soil
salinity at the coast of Abu Dhabi in the United Arab Emirates. Similarly,
Celleri et al. (2022) employed RSI to generate continuous soil salinity
maps and to explain the effect of factors such as topography, land use,
and climate on salinity distribution.

Recently, ML algorithms have been used to correlate soil salinity
(mainly EC) with various environmental covariates to predict soil
salinity levels in regions where direct measurement of EC is not available
(Hassani et al., 2020b, 2021; Ivushkin et al., 2019; Wang et al., 2024).
The commonly used ML algorithms for this purpose are Random Forest,
Support Vector Regression, and XGBoost. ML algorithms are suitable for
soil salinity mapping because they capture the relationships between EC
and environmental covariates which are often complex and nonlinear. In
addition, ML can integrate multisource predictors, handle noisy mea-
surements, and is capable of generating spatially continuous maps in
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data sparse regions (Wadoux et al., 2020). Moreover, an integrated
space-air-ground observation concept is increasingly used in the context
of ML to quantify soil salinity, where satellites provide regional coverage
and temporal continuity, aerial surveys supports high resolution ob-
servations, and ground measurements are used for calibration and
validation purposes, resulting in more reliable salinity estimates (Qi
et al., 2021).

Only with the recent availability of the Land Use/Cover Area Frame
Survey data (LUCAS) https://esdac.jrc.ec.europa.eu/projects/lucas,
which provides georeferenced soil observations and soil property in-
formation across EU Member States and the UK (Orgiazzi et al., 2018),
has it become possible to accurately map soil salinity throughout these
regions (Schillaci et al., 2025). The repeat surveys lay the foundation for
working towards dynamic temporal assessment, which requires a
modeling and mapping framework. Given the significant consequences
of soil salinization on soil health and degradation (Afshar et al., 2025),
along with the uncertainties regarding both the current situation and
future trends of salinization in Europe under various scenarios, this
study aims to improve the regional-scale prediction of topsoil ECy.5
across EU and UK. The specific aims of the study include identifying the
primary factors contributing to soil EC and developing ML models to
predict and evaluate the topsoil EC;.5 across EU and UK. The results help
to find areas with elevated EC;.5, which is important for formulating
action plans to deal with potential soil salinization.
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2. Methodology
2.1. Electrical conductivity data

Soil salinity is typically assessed through the EC of various soil-to-
water ratios (Richards, 1954). Salinity offers a broad assessment of
electrolyte concentration and can serve to indicate more specific and
challenging problems like sodicity. In this research, we have selected EC
as the primary variable for our ML model, utilizing data from two
sources: LUCAS and WoSIS (Fig. 1a). It is worth mentioning that,
initially, the model was trained only on the LUCAS dataset, considering
EC;:5 as the target variable. However, due to the narrow range and
skewed distribution of ECy.5 values in the LUCAS database, model per-
formance was weak across training, testing, and validation sets (Fig. S1).
To improve the predictive accuracy of the model, ECe observations from
the WoSIS dataset were incorporated into the target variable, and the
model was retrained. It should be mentioned that the inclusion of the
WoSIS data was intended to broaden the EC range available for model
training rather than providing a geographically representative European
dataset.

We primarily relied on EC measurements from the LUCAS survey
conducted in 2015 (Fig. 1¢) and 2018 (Fig. 1b), which records ECy.5 for
the topsoil layer up to 20 cm deep (ISO 11265:1994, 1994). The LUCAS
survey, developed by Eurostat, aims to monitor land use and land cover
across European Union Member States' territories by providing a
harmonized database of around 300,000 observations (Ballabio et al.,
2016). The LUCAS Soil Module includes less than 10% of the surveyed
points and requests the sampling and analysis of topsoil (0-20 cm).
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Fig. 1. Spatial and temporal distribution of electrical conductivity (EC) measurements used in this study, derived from the World Soil Information Services (WoSIS)
and Land Use/Cover Area Frame Survey (LUCAS) datasets. The map depicts the geographical distribution of EC observation sites, each characterized by varying soil-
to-water ratios, indicated by different colours and symbols. The LUCAS observation points, located within the European Union, were measured in a soil-to-water ratio
of 1:5, while the WoSIS observation points represents electrical conductivity of the saturated paste extract (ECe) Additionally, the bar graph represents the temporal
distribution of these measurements, incorporating data from the LUCAS surveys conducted in 2015 and 2018 (a). Spatial distribution of measured EC; .5 from the year
2018 (b) and the year 2015 (c) LUCAS survey, along with the histogram of the measured EC;.5 for the years 2015 and 2018 of the LUCAS survey (d).
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Conducted every three years since 2009, LUCAS Soil Module has
contributed to the unique EU harmonized soil database of physical,
chemical and biological properties, modeling and assessments,
ecosystem service analysis and development of indicators (Orgiazzi
et al., 2018). LUCAS Soil Module provides EC1.5 measurements for the
years 2015 (21,859 points) and 2018 (18,975 points), however, a
considerable number of observation points indicate low ECi.5 levels
(Fig. 2d), with 94% of the points measuring EC;.5 below 0.6 dS/m.
Furthermore, the EC;.5 data exhibits a skewness of 13. These factors
complicate the development of a model capable of accurately predicting
salinity levels across the EU under different scenarios, especially in the
cases of high soil salinity.

To overcome these challenges, we integrated the global EC of satu-
rated soil extract data (ECe) from the World Soil Information Service
(WoSIS) into our model (Batjes, 2025). WoSIS serves as a repository that
offers quality-assured soil profile data to facilitate digital soil mapping,
inform environmental policy, and support decision-making through data
standardization (Ribeiro et al., 2018). This open-access database is
regularly updated and includes information on the physical and chem-
ical characteristics of soil. Given the availability of predictors, we opted
to include EC measurements collected after the year 2000 from the
WoSIS dataset (19,776 points).

2.2. Model predictors

The model predictors were chosen based on their relevance to soil
salinity, following the SCORPAN framework, which is commonly used in
digital soil mapping to guide the selection of predictors (Schillaci et al.,
2025). The SCORPAN model is used to define the relationship between
soil properties and environmental factors, such as existing soil proper-
ties, climate, organisms, relief, parent material, age, and neighbourhood
(McBratney et al., 2003). We have classified the predictors into five
main categories: soil physical properties, climate, remotely sensed im-
agery products, relief, and categorical variables (Table S1).

The SoilGrids 250 dataset was used to obtain soil physical properties,
including the percentages of silt, sand, and clay (Hengl et al., 2017). This
dataset provides a range of depth averaged soil physical and chemical
properties at seven depths. For the prediction phase, soil texture values
of 15-30 cm depth were used as a proxy to estimate the values at 20 cm,
which is the topsoil depth considered in this study. Elevation, slope
degree, aspect, curvature, downslope curvature, upslope curvature,
topographic wetness index, topographic positioning index, and valley
bottom flatness were downloaded from the Global DEM derivatives
dataset (Hengl, 2018) derived from the MERIT DEM (Yamazaki et al.,
2018). The Topographic Roughness Index, with a spatial resolution of
1 km, was obtained from Amatulli et al. (2018).

The climatic predictors were extracted from the Terra climate data-
set. The dataset provides the monthly climate and climatic water bal-
ance variables at a spatial resolution of 4 km (Abatzoglou et al., 2018).
For maximum and minimum temperature, wind speed, soil moisture,
and the Palmer drought severity index, we calculated the 10-year
average of monthly values. On the other hand, for precipitation, po-
tential and actual evapotranspiration, and water deficit, we computed
the 10-year average of the yearly accumulated value. MODIS datasets
were used to obtain remote sensing imagery attributes. The yearly
averaged values of Normalized Difference Vegetation Index (NDVI) and
Enhanced Vegetation Index (EVI) (Didan, 2021), Leaf Area Index (LAI)
and Fraction of Absorbed Photosynthetically Active Radiation (FAPAR)
(Myneni et al., 2021), Gross Primary Production (GPP) and Net Primary
Production (NPP) (Running and Zhao, 2021), and day time Land Surface
Temperature (LST) (Wan et al., 2021) were included as input variables
in the ML model.

Several categorical predictors were included in the model, including
WRB soil classes (Hengl et al., 2017), parent material from the lithologic
classification (Hartmann and Moosdorf, 2012), and soil-to-water ratio
(SWR), which accounts for the EC extraction protocol. EC observations
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used in this study originate from two laboratory extraction protocols,
EC;.5 and ECe. These measures are not directly comparable because their
relationship varies nonlinearly with soil properties and salt composition.
Therefore, we do not apply a fixed conversion factor between EC;.5 and
ECe. Instead, extraction type was included as a categorical predictor in
the model, namely soil-to-water ratio (SWR). LUCAS observations were
assigned to the ECy.5 category, and WoSIS observations were assigned to
the ECe category. This allowed the model to account for the method-
related differences while learning relationship between EC and the
environmental covariates. For spatial prediction, the extraction-type
predictor was set to the EC;.5 category for all prediction cells; there-
fore, the final mapped product represents predicted EC;.5 across EU and
UK. Upper and lower depths of the soil sampling profiles were also
included as predictors in the model.

The environmental predictors used in this study had different native
spatial resolutions, as reported in Table S1. These predictors were not
resampled to a common resolution before model training. Instead, each
predictor was kept at its native resolution, and values were extracted
from the relevant raster layer at the EC observation coordinates. For
spatial prediction, a 1 km grid was created across EU and UK. The
centroid of each grid cell was used as the predictor location, and pre-
dictor values were extracted from the native-resolution raster layers at
these centroid points.

Given the relationship between soil organic carbon SOC (Hassani
et al., 2024), soil pH (Han et al., 2024), and soil salinity, these factors
could have been included as predictors in our model. However, we
decided to exclude them due to specific challenges. Although high-
resolution gridded datasets for SOC and soil pH are available, they are
not provided on an annual basis, which is important for the current
model because the observation points used in the analysis are distrib-
uted across the period from 2000 to 2018. In addition, these datasets
remain limited in both global and continental coverage. Furthermore,
SOC and soil pH frequently exhibit correlations with other soil charac-
teristics and environmental variables that we have already incorporated
as predictors in our analysis. Therefore, including SOC and soil pH as
predictors could introduce multicollinearity, thereby adversely
impacting the model's predictive performance.

2.3. Model setup

ML algorithms were utilized to assess soil salinity throughout
Europe. This process involves a systematic modeling workflow (see
Fig. 2) that begins with the acquisition and preparation of data. The
dataset consists of 34 environmental covariates as predictors and one
target variable, i.e., EC. A data matrix was created with 60,610 rows,
with each row corresponding to an observation point, and 35 columns
representing both the predictors and the target variable. To ensure in-
dependent final evaluation, 10% of the observation points were first
reserved as an independent validation dataset. This subset was not used
during model training, hyperparameter optimization, or feature selec-
tion. The remaining 90% of the observations formed the model devel-
opment dataset. This model development dataset was then divided into
an 80% training subset and a 20% internal testing subset, corresponding
to 72% and 18% of the original dataset, respectively. To ensure statis-
tical consistency, stratified sampling was employed by categorizing EC
values into 10 bins (Fig. S2) and selecting training and testing datasets
that reflect similar statistical distributions.

To determine the most significant predictors for estimating soil EC,
hyperparameter optimization and feature selection were implemented
during the model training phase. Previous research either neglected
feature selection techniques or utilized recursive feature elimination to
discard the least significant variables from the predictor set (Hassani
et al., 2020b, 2021; Ivushkin et al., 2019). We employed a more so-
phisticated method of feature engineering, known as forward feature
selection, in our analysis. This begins with an empty variable list and
progressively incorporates predictors into the model based on their
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predictive significance (Meyer et al., 2018). Forward feature selection
was performed in two main steps. First, all possible two-predictor
combinations were evaluated. With 34 initial predictors, this resulted
in 561 two-variable combinations. For each combination, the model was
trained using the training subset and evaluated using the internal testing
subset. The two-predictor combination that produced the highest in-
ternal testing coefficient of determination (R?) was selected as the
starting predictor set. Subsequently, each remaining predictor was
individually added to the selected predictor set, one at a time, and the
resulting models were evaluated to determine which additional pre-
dictor produced the greatest improvement in internal testing R?. The
predictor yielding the highest improvement was retained in the model.
This iterative process was repeated until adding another predictor no
longer improved model performance. The independent validation
dataset was then used for the validation of the final selected model. To
mitigate the risk of overfitting, 10-fold cross-validation was used
throughout the training process. Ultimately, the trained model was
applied to predict soil EC across EU member states and the UK at a
spatial resolution of 1 km.

In the workflow explained above, three algorithms were tested to
develop the final predictive model: Random Forest (RF), XGBoost, and
LightGBM. RF is a supervised ML algorithm based on ensemble learning.
It is commonly used for regression and classification tasks, combining
bagging and decision tree concepts to reduce overfitting and improve
predictive accuracy. During training, RF constructs multiple decision
trees, and the final prediction is obtained by averaging the outputs of
these trees (Breiman, 2001). XGBoost is built on the gradient-boosted
decision tree framework. It employs gradient descent optimization to
create a strong predictive model from weak learners, typically decision
trees. These trees are built sequentially, with each new tree trained on
the residual errors of the previous one, iteratively minimizing error until
a predefined stopping criterion is met (Chen and Guestrin, 2016).
LightGBM is a boosting algorithm based on decision trees, which is
optimized for memory efficiency and speed. Unlike traditional ensemble
tree methods, LightGBM employs a leaf-wise tree growth strategy, which
reduces computational complexity and training time (Hamou et al.,
2024). In this research, hyperparameter optimization was conducted
using grid search, random search, and Bayesian optimization tech-
niques. The final trained model's performance was assessed using the
calculation of RZ, root mean squared error (RMSE), and mean absolute
error (MAE). To identify areas with elevated EC; .5, the value of 0.6dS/m
was used as an empirical threshold to represent the upper tail of the
observed LUCAS EC; .5 distribution. As discussed above, this value cor-
responds to the upper 6% of the observed LUCAS topsoil EC;.5 values.
The threshold was not used as an indicator of salinity or treated as
equivalent to any specific ECe value. Instead, areas above this value
were interpreted as having elevated EC; .5 values and as regions that may
require further investigation.

3. Results and discussion
3.1. Model performance

To characterize variability in the training data, we computed
descriptive statistics for EC and the numerical environmental covariates.
The summaries of the descriptive statistics are provided in Table S2. To
assess the predictive capabilities of the models, the evaluation metrics of
the testing phase were compared across all models. The results indicate
that the model developed using the XGBoost algorithm performed better
than RF and LightGBM, achieving a testing R? of 0.6, RMSE of 1.38, and
MAE of 0.39, thus being selected for further analysis and mapping.
Scatter plots showing the results from each stage for the final XGBoost
model are shown in Fig. 3a, b, and c. It should be noted that the model
doesn't predict EC values for the observation points with missing values
in the list of predictors. As a result, fewer points appear in the scatter
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plots than were actually used during the training, testing, and validation
phases. However, because many WoSIS observations are located outside
Europe, the combined-data performance metrics should be interpreted
cautiously when assessing the prediction reliability within EU and UK.

The feature importance function integrated within XGBoost was
employed to assess the importance of various model predictors, with the
results presented in Fig. 3d. The findings indicated that soil texture and
remotely sensed variables emerged as key factors on prediction of soil
EC. Soil texture influences soil EC by controlling soil water retention and
flow pathways, which in turn affect salt transport and accumulation.
Sand content ranked highest, consistent with the role of coarse texture
material causing infiltration and drainage, and thus increased salt
leaching. On the other hand, clay, which is among the five most
important variables, typically holds more moisture and supports capil-
lary flow under evaporation resulting in salt accumulation (Corwin and
Scudiero, 2019). NPP can be an informative predictor of soil EC because
salinity reduces plant productivity. Elevated salt concentrations make it
difficult for plants to extract water from the soil resulting in reduced
photosynthetic rates. Consequently, plant growth and biomass accu-
mulation decline, which is reflected in lower NPP. Furthermore, the
remotely sensed variables obtained from satellite imagery were among
the most important predictors within the model.

3.2. ML-driven prediction of EC;.5 across the EU

The spatial distribution of soil ECy.5 throughout the EU in 2018 is
illustrated in Fig. 4. This dataset, which is gridded with a spatial reso-
lution of 1 km, was generated using the XGBoost model developed in this
project. As depicted in Fig. 4, certain areas, particularly in Spain, Italy,
and Ireland, exhibit higher EC; .5 levels. The Bardenas basin in Spain, an
agricultural zone, is one such hotspot (Lorenzo-Gonzalez et al., 2024). In
Italy, coastal regions, especially Ancona, Catanzaro, and Naples, are
noted for elevated soil salinity levels, a finding supported by Dazzi and
Lo Papa (2013). In Ireland, the high EC;.5 values were unexpected and
are further considered in the discussion. Our model was able to capture
the high ECy.5 levels in all of these regions.

The soil salinity was analysed considering land cover classes across
the EU (Venter and Sydenham, 2021). Our analysis suggests that the
wetlands with an area of around 67,000 km? are mainly affected by
ECy.5, followed by bare land and grassland, which cover an area of
approximately 40,000 km? and 38,000 km?, respectively. Additionally,
based on the USDA soil texture classification for the EU (Ballabio et al.,
2016), high values of EC;y.5 were observed in loamy soil with an area of
approximately 132,000 km?. Sandy loam, clay loam, and silt loam also
experience high levels of EC;.5 with an area of 30,000 km?, 24,000 km?,
and 23,000 km?, respectively. To evaluate the confidence in the model's
predictions, we implemented a bootstrap-based uncertainty analysis
using the original training dataset. We generate 100 bootstrap resam-
pled training datasets by sampling observation with replacement, while
each resample contains the same number of observations as the original
training set. For each bootstrap sample, a new model was trained using
the previously optimized hyperparameters. These models were then
used to predict EC;.5 values across the study area at a spatial resolution
of 1 km, resulting in 100 predictions per grid cell. Predictive uncertainty
was quantified as the standard deviation (SD) of 100 predictions per cell
(Fig. 5a). The bootstrap SD map shows higher uncertainty in northern
Scandinavia, along the Alp mountain chain, and in parts of Spain in the
Ebro basin, while Ireland shows smaller and more localized uncertainty
hotspots. Uncertainty patterns were interpreted considering the number
of observation points used during the model training per 25 km grid cell
and the area of applicability map. In Sweden, high SD occurs where
observation density is very low and the AOI indicates that conditions are
less covered by the training data. In the Alps, uncertainty increases in
high relief areas where more area falls outside the AOIL The high un-
certainty in Spain and Ireland are associated with sparse distribution of
the observation points. Additionally, the variance, as well as the 5th and
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95th percentiles of the predictions, are presented in Figs. S3, S4, and S5,
respectively.

Because many WoSIS observations are located outside Europe, we
also assessed how well the model outputs reflects European ECy.5 pat-
terns using the LUCAS 2018 observations. We compared the mean pre-
dicted EC;.5 with the mean measured EC; .5 for each country represented
in the LUCAS dataset (Fig. 5b). Most countries lie close to the 1:1
reference line, suggesting that the model captures broad national-scale
EC;.5 pattern across the EU and UK. This comparison provides a useful
check, but it should be viewed as supporting evidence for regional-scale
validation, not as a replacement for spatially independent point level
validation.

3.3. LUCAS observed EC1:5 - soil property relationships

Fig. 6 presents the the relationship between EC and several soil
properties using the data available in the LUCAS database. In Fig. 6(a),
ECy.5 remains relatively low across most of the pH spectrum, but a
cluster of higher values appears around pH ~7.7, consistent with soils
containing calcium carbonate, usually in dry areas or with calcareous

parent material. At lower pH, such a prominent peak is not observed, but
there may potentially be a cluster of points around pH 5 with values up
to about 2 dS/m. The data largely reflect the water balance at the global
scale, Lebron et al. (2025) showed that European soils had higher pH
values in arid regions. This lack of water, to wash out soluble salts, can
lead to their build-up in the soil profile, especially if there is a source of
salts from parent material, dust containing salts, or irrigation water. It's
well established that alkaline soils (pH > 7.5) are more likely to have
higher salt concentrations, especially in semi-arid or Mediterranean
regions. This aligns with the high pH areas (shown in red) on the pH
map. Conversely, acidic soils, on the other hand, are associated with wet
conditions and are often leached (Xu et al., 2024), which likely explains
the relatively flat EC;.5 trend observed at lower pH. The observation of
some EC values up to 2dS/m around pH 5 is curious and may be related
to weathering of minerals due to acidity or a redox-controlled process.
The fact that the data don't rise above 2dS/m indicates perhaps that this
process is potentially buffered in the system and hence does not pose a
potential risk to plant stress.

Data for soil organic carbon (Fig. 6b) and total nitrogen (Fig. 6¢) are
consistent with this interpretation. Soil organic matter becomes
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Fig. 4. The predicted gridded dataset of soil electrical conductivity (EC;.5) across the EU members and the UK for the year 2018. Also presented are the top 18 NUTS2
regions (Eurostat, 2018) in the EU and the UK with the highest levels of EC; .5, based on the area affected by EC;.5 values greater than 0.6 dS/m. The NUTS2 IDs are

indicated in the subplots.

increasingly unstable under dry conditions, leading to the oxidation of
predominantly particulate organic matter, which is the more vulnerable
component of the SOC. As the SOC undergoes transformation, the C/N
ratio will also change. In dry soils with a pH above 7, relatively little
SOM accumulates (Reynolds et al., 2013). What does tend to happen is
that in the soils where evaporation is higher than rainfall, mineral car-
bonates, such as calcium carbonates, build up. Such transitions are
widely observed in pedology, for example, the transition from pedocals
in the dry western USA (calcium carbonate dominated) to the wetter
pedalfers in the western USA, where sesquioxides are more dominant. In
the LUCAS data, the presented OC and TN follow the same trend. This is
to be expected as they follow the stoichiometry of the organic matter.
Higher EC values occur at low OC and low TN, which is consistent with
our interpretation that aside from saltmarsh soils, salinity tends to occur
in dry soils that tend to be low in organic matter. It is also worth noting
that there may be a slight increase in EC, up to 2 dS/m for some soils
with OC levels about 400 g/kg. These may be consistent with the pH
measurements around 5, showing the same pattern, indicating that in
some organo-mineral soils, there may be a process releasing ions.
Although not observed in the LUCAS data, most likely due to the
limited extent, soils that are periodically inundated with seawater or
occur in salt marshes could have higher organic matter and appear

saline. The low OC and TN soils are spatially consistent with drier cli-
mates, occurring mostly in Mediterranean soils, especially in Spain and
Italy, for example. It must be noted that in all these cases, factors like
parent material, clay content, climate, land use, and management
practices also significantly influence the relationship between salinity
and other soil characteristics. A deeper understanding of these in-
teractions is crucial for accurately describing the processes driving soil
salinization and for developing sustainable land management ap-
proaches. This could serve as an important direction for future research.

It was clear from both the map (Fig. 4) and the raw data (Fig. 1) that
Ireland had some unexpectedly high EC values. These were extracted
and plotted in Fig. 7 with EC in relation to SOC. 2015 was an unusually
wet year, while 2018 was a normal year. In 2018, the organic soils had
low values of EC, but in the wet year, the EC of the organo-mineral soils
increased substantially; this was less in the mineral and peat soils. This
behaviour is discussed in more detail in the discussion.

4. EC;.5 map in the context of soil salinity
In the World Reference Base for Soil Resources (WRB), Solonchaks

are defined by the presence of a salic horizon, diagnosed when the
electrical conductivity of the saturation extract (ECe) meets WRB
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Fig. 5. Uncertainty map showing the standard deviation of the predictions for the year 2018, derived from 100 bootstrap resampled datasets, at a spatial resolution
of 1 km (a). Scatter plot illustrating the country-level mean predicted vs mean measured EC;.5 for LUCAS observation points for the year 2018 (b).

thresholds—typically ECe > 15 dS/m, or >8 dS/m when the saturation
extract pH > 8.5, together with the required thickness and ECe-thick-
ness product. When salinity is extremely high, additional qualifiers such
as hypersalic (e.g., ECe > 30 dS/m) may be applied. Solonetz soils, in
contrast, are defined by a natric horizon, characterized by clay illuvia-
tion and ESP > 15 (IUSS, 2022).

Beyond these fully developed diagnostic horizons, many soils across
Europe exhibit incipient or intermittently elevated salinity that falls
below the formal thresholds for a salic horizon. These ‘protosalic’
soils—a term used in the literature to describe soils with early-stage salt
accumulation (often around ECe ~ 4 dS/m, the FAO threshold for saline
soils)—may occur within a wide range of soil groups, not only Solon-
chaks. However, because their salinity is seasonal, weakly expressed, or
spatially patchy, protosalic soils typically fall outside WRB diagnostic
criteria and therefore do not appear on continental-scale maps. This
results in a systematic underrepresentation of emerging salinity, espe-
cially in areas where salts accumulate only during the dry season and are
leached below diagnostic depths in wetter months. The mapping
framework presented here helps address this gap by using point-based
electrical conductivity measurements to identify locations where pro-
tosalic conditions are developing, providing early indicators of salinity
risks that are not captured in existing WRB-based soil maps. The ECi.5
maps (Fig. 4) highlight areas where protosalic soils may occur, but
interpreting EC;.5 as an indicator of salinity is complicated by the need
to convert it to ECe, the standard metric for diagnosing saline horizons
(Kargas et al., 2020). Although EC;.5 is widely used because it is rapid
and inexpensive, no universal conversion factor exists: published re-
lationships vary widely—from roughly 5 to 12 x EC;.5—owing to dif-
ferences in extraction methods, equilibration times (Kargas et al., 2020),
and the strong influence of soil texture and mineralogy, particularly clay
and smectite content, on paste formation. As a result, EC;.5-to-ECe
conversions are site-specific approximations, and caution is needed
when extrapolating them across diverse European soils.

However, the more significant issue overlooked to date, as far as we
can ascertain, is how to convert ECy.5 to ECe for non-saline soils. The
issue is especially relevant for calcareous soils that may occur in Europe
overlaying chalk or limestone parent materials. The dissolution of
CaCOs is small but not inconsequential, it largely depends on the partial
pressure of carbon dioxide, log (Pco2). Calculations using PHREEQC

(Parkhurst and Appelo, 2013) for an aqueous saturated solution of
calcite indicate that the EC of the equilibrium solution changes ac-
cording to 0.038 dS/m at log Pco2 (107° atm), 0.141 (10’3), and 0.681
(107Y). Equilibrium with the atmosphere is about 107>% and so
calcareous soils in equilibrium with the atmosphere may be expected to
have solution EC values of about 0.2 dS/m, increasing perhaps up to 0.5
dS/m due to CO3 build-up from root respiration and higher P¢oo values
in the soil solution. This complicates conversion because, as long as the
extract is saturated with calcium carbonate, the concentration in the
solution will be the same regardless of dilution. Multiplying the EC;.5 by
a conversion factor would then result in an erroneous overestimation
ECe value. This issue is not generally observed in literature conversions
because most analysis is conducted on soils with other ions, particularly
sodium or magnesium, in addition to calcium, that are not constrained
in the same way. In addition, soils with high amounts of gypsum are also
saturated and have an EC of about 2.4 dS/m, but this is not impacted by
Pcoz2. This is why soil salinity is defined using ECe above the influence of
carbonate and gypsum.

Relatively high ECy.5 values were observed in Ireland (Fig. 4). The
one or two highest points are along the coast and likely salt marsh soils,
but the rest are mostly inland grasslands. Looking more closely at the
data (Fig. 7), they were at their highest in the wetter than average year
in 2015 (https://www.climateireland.ie/climate-change/evidence
-of-climate-change/), with a median value of 0.79 dS/m, which
decreased to 0.29 dS/m in the normal year in 2018. Values hardly rose
above 1dS/m in 2018 (3%), but in 2015, 34% were above this value.
Some of the increase occurred in mineral soils with a pH above 6, but the
majority was in organic soils with a pH around 5.

Ireland is not known for soil salinity in the form of soils with high
levels of sodium or magnesium, as is often found in conjunction with
calcareous soils in the Mediterranean (Visconti et al., 2009). However,
Karst soils with calcium carbonate do occur across large areas of Ireland,
which has the highest density of karst wetland habitat globally
(Kimberley and Waldren, 2006); moreover, groundwater monitoring
also reveals high pH groundwater with relatively high Ca?* concentra-
tions (Hajek et al., 2020). So, the occurrence of EC values of 0.6-0.7 dS/
m observed in the pH = 7 soils in 2018 is consistent with high levels of
CaCO3 measured in the LUCAS data, and appears to fit with the Pcoa
carbonate saturation mechanism described previously. In 2015, the
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wetter year, EC values increased a little around pH 7, but the large in-
creases were observed in the more acid soils (pH < 6), which are also
high in organic matter. Clustering was also observed in the data, with
soils with a SOC content of <400 g/kg having EC values lower than 2 dS/
m, but organic soils (> 400 g/kg) showing an almost exponential in-
crease in EC with increasing SOC, reaching EC values of between 2 and 3
dS/m. The precise mechanism for this is unknown, but we can speculate
that certain regions may exhibit the establishment of halophytic vege-
tation while in others the increased water logging and likely organic
acids caused ions to be released, possibly in connection with upwelling
of ground water, weathering or from the exchange complex, most likely
base cations from groundwater, or iron and aluminium for example from
redox processes. This may also be exacerbated by ions being forced off
the exchange complex, or even perhaps sodium from rainwater that
remains to be leached, or ions from land spreading, especially given that
cow urine can range from 1 to 33 dS/m (Fazil Marickar, 2010). This
must also be an EC saturation mechanism, as multiplying these values by
6 or more for ECe would result in implausible salinity levels, and the
grass remains green in Ireland. The implications of these results for ECe
remain undetermined without understanding how such a mechanism
impacts ECe and whether, to some extent, it's saturated or not. However,
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we speculate that this mechanism can also be observed in other areas
such as G, F, G, Q, L, K, R, and S in Fig. 4. Areas K, R, S, and C are not
associated with calcareous materials or ground water (Hajek et al.,
2020), hence an alternative explanation to high calcium levels is
required.

An ECe value of 4 dS/m is commonly considered the threshold dis-
tinguishing saline from non-saline soils (FAO, 2021) and is consistent
with the development of a protosalic horizon. In this study, however, the
mapped target variable is EC;.5, and conversion from EC;.5 to ECe is not
universal and their accuracy depends heavily on local conditions and
boundary parameters, as previously discussed. Therefore, rather than
inferring ECe from EC;.5 using a single conversion factor, we used ECy.5
value of 0.6 dS/m as an empirical upper-tail screening threshold derived
from the LUCAS EC;j;5 distribution. Using this threshold, our analysis
suggests that approximately 217,000 km? of land within the study area
showed elevated predicted EC;.5 values. This area should therefore be
interpreted as a potential priority zone for further investigation, not as
the mapped extent of the confirmed saline soils, salic horizons, or pro-
tosalic horizons. For the reasons discussed earlier, regarding carbonate
soils and saturation, the real value is likely much lower than this.
However, it proposes an upper bound, which is ten times higher than the
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m was consistent with saltmarsh. The green line indicates the separation be-
tween mineral and organic soils. The red dotted line is a trend line for the
mineral and organo-mineral soils in 2015.

mapped area of known Solonetz and Solonchak soils for Europe, which
will have salic or hypersalic soil horizons. Even if the extent of soils with
protosalic horizons was half the extent predicted, it's still a very signif-
icant area. Moreover, the implications for global salinity assessment are
profound, indicating that if assessment is based solely on maps of Sol-
onchaks and Solonetz soils, large areas of land with emerging salinity
may be going undetected.

5. Limitations of the model and recommendations for future
research

A key limitation of this study is that the target variable combines EC
measurements derived from two different laboratory extraction pro-
tocols. Although we account for method-related differences using the
SWR indicator, this is a simplified representation of the complex, soil-
specific and potentially nonlinear relationship between EC1:5 and
ECe. This simplification can affect model interpretation and spatial
inference. Future works could address this limitation through acquiring
and modeling paired EC1:5 — ECe measurements.

One limitation is the geographic distribution of the WoSIS observa-
tions. Although WoSIS was useful for increasing the range of EC values
during model training, many observations are located outside Europe,
particularly in North America. This may introduce some transferability
uncertainty, because relationships between EC and environmental
covariates learned from non-European regions may not fully reflect
European soil-forming conditions. Therefore, the combined-data per-
formance metrics should be interpreted mainly as model statistics rather
than as an evidence of European spatial prediction accuracy.

Model evaluation was conducted using a train-validation split
stratified by the distribution of the target variable. While this approach
supports evaluation across the EC range, it does not guarantee spatial
separation between training and validation samples. Therefore,
extrapolation to unsampled locations should be done cautiously given
the lack of spatial cross validation in model validation. Spatially blocked
or region holdout validation is recommended in future works.

Our model did not account for factors such as changes in land use,
agricultural practices, groundwater levels, and water extraction rates,
all of which have impacts on secondary soil salinization. The inclusion of
such factors is important to quantify the effects of human activities on
soil salinization.

11

Science of the Total Environment 1047 (2026) 182021

Consequently, future research could consider incorporating diverse
sets of environmental variables and employing different modeling ap-
proaches (e.g., ML algorithms) to directly predict ECe, using EC mea-
surements at various soil-water ratios as model inputs through
integration of LUCAS dataset with other data sources. Also, the small
number of salinity observation points in areas with high salinity across
the EU makes it difficult to validate the model and affects its reliability.
Adding more soil sampling sites, especially in areas with high salinity
risk, would improve data coverage and help make predictions more
accurate. Another important limitation is the lack of high-resolution
geological maps, which makes it difficult to account for variations in
parent material as an important factor in soil salinization. This missing
information could introduce uncertainty into our predictions. Addi-
tionally, the sparse distribution of LUCAS sampling points in some areas
limits the model's ability to capture local salinity issues. For example,
the model tends to underestimate EC;.5 in Hungary and overestimate it
in northern Sweden, likely due to insufficient spatial coverage. More-
over, a more detailed investigation of the relationship between soil
salinity and other soil properties, such as pH, SOC, and nitrogen, could
offer valuable insights into the processes of soil salinization, its conse-
quences, and could help guide the development of effective remediation
strategies. A greater mechanistic understanding of what appears to be
salinity in organo-mineral soils under wet conditions is required.
Warmer, wetter winters due to climate change in areas like Ireland could
see more of the patterns we observed, and understanding and attribution
are required to determine the potential risk.

6. Conclusions

In this study, we employed three ML algorithms, Random Forest,
XGBoost, and LightGBM, to predict soil EC;.5 across the EU and UK,
using EC values from LUCAS and WoSIS databases as the target variable
and a set of environmental covariates as predictors. By applying a for-
ward feature selection algorithm, we identified the most significant
predictors, including sand content (in fine earth fraction), net primary
production, topographic positioning index, and clay content (among
other parameters reported in Fig. 3). Using the best-performing ML al-
gorithm (XGBoost model), spatial patterns of ECy.5 values were mapped
across the EU for the year 2018. Our results suggest that approximately
21.7 Mha of EU land exceeds an EC of 0.6 dS/m at a 1:5 soil to water
ratio (EC;1.5). We have also concluded that translating ECy.5 to ECe
cannot be achieved reliably using a single universal conversion factor
because ECy.5 — ECe relationships are strongly soil dependent and should
be treated as site specific, particularly in calcareous soils where standard
conversions may lead to overestimation of ECe. This issue is rarely
addressed in the literature, as most studies focus on soils containing
more soluble ions like sodium or magnesium than calcium.

The proposed framework and findings reported in this study have
implications for sustainable soil management and policy development
within the EU. Furthermore, the methodologies employed in this study
can be adapted and applied to other regions facing similar challenges,
contributing to the global efforts for soil salinity management and sus-
tainable agriculture.
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