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Abstract 

Soil electrical conductivity (ECe) is a key indicator of soil salinity and sustainability, particularly in 

semi-arid and arid regions. Estimation of ECe is vital for managing soil salinity and ensuring crops 

productivity. A multi-tool approach that integrates statistical software, various soil parameters, 

including Texture, SOC, TN, CEC and EC 1:5, measured, was applied to predict ECe and develop a 

robust predictive model. The performance of each pedotransfer function was systematically 

evaluated, demonstrating a significant accuracy: PTFs (1) yielded an R2 value of 0.85, PTFs (2) shows 

a R2 of 0.71 for Stepwise regression model, another PTFs (3) has developed with an R2 of 0.84, 

Lasso/Ridge regression as PTFs (4) achieved an R2 value of 0.89, lastly the PTFs (5) model provided 

an R2 of 0.83. Our findings revealed a regional variation in soil salinity, with certain areas showing 

elevated ECe levels that could potentially affect environment sustainability. Consequently, C-

Predictive Regression Tree (C-RT), highlighted the importance of integrating non-linear approaches 

to improve predictive accuracy, presenting an R2 of 0.77. This research underscores the importance 

of PTFs in predicting soil salinity from soil properties, especially EC1:5 provides valuable insights for 

sustainable soil management strategies in Northeastern Tunisia.  

Keywords: soil; ECe; EC1:5; salinization; pedotransfer functions; north east Tunisia 

 

1. Introduction 

Soil salinity represents one of the most critical environmental challenges, determining the 

suitability of soil for agriculture and crop production, and posing a threat to environmental 

sustainability particularly in arid and semi-arid regions where irrigation with poor water quality is 

commonly used [1–5]. 

Salinization, in arid and semi-arid regions is often exacerbated by climate change and overuse 

of saline water in irrigation. High temperature and insufficient rainfall alter the hydrological cycle, 

leading to water deficits that fail to meet crop water requirements. In addition, frequent and intense 

evaporation events cause salt accumulation in root zone, further reducing crop productivity [6,7]. 

Globally, soil salinity reduces the availability of essential nutrients (especially carbon and nitrogen) 

for plant uptake and interferes with microbial activity. Many studies, have shown that salinity can 

alter soil organic carbon (SOC) dynamics, influencing the release of greenhouse gases (GHGs) such 

as carbon dioxide (CO2), methane (CH4), and nitrous oxide (N2O), with outcomes that vary depending 

on soil conditions [8,9]. However, salinity is a major global issue that contributes to soil degradation 

causing desertification and damaging approximately 350 million hectares [10]. Over time, inadequate 
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agriculture methods, such as irrigation with saline water and ineffective drainage systems, combined 

with climate change, have significantly led to soil salinization [11,12]. Human-induced factors, 

including improper irrigation techniques and insufficient drainage infrastructure, compromise 

environmental sustainability by reducing soil fertility, lowering crop yields and diminishing 

biodiversity. These factors also intensify desertification by disrupting plants growth cycles, biomass 

production, and nutrient cycling. In a broader sense, salinity endangers food security by reducing 

crop productivity through land degradation, thereby exacerbating environmental decline. This 

underscores the urgent need to detect and predict soil salinity in order to prevent ecological 

degradation and to implement effective mitigation strategies for soil and biodiversity conservation 

[13]. Today, global population growth and rising food demand are placing increasing pressure on 

land resources, while salinized areas are expanding at a rate of approximately 1 to 2 million hectares 

per year [14]. Climate change further intensifies the degradation of these valuable salt-affected lands. 

Additionally, salinity reduces crop yields by impairing plant growth through mechanisms such as 

ion toxicity, osmotic stress, and mineral deficiencies [15]. As a major environmental threat, salinity 

not only compromises agricultural productivity and environmental sustainability, but also exerts 

negative socioeconomic impacts, including reduced food security, increased poverty and lower 

profits for farmer [16]. Other studies showed that salinity has affected approximately 1 billion 

hectares of land, equivalent to 7% of the earth's continental surfaces. [17,18]. 

This widespread phenomenon poses a serious threat to environmental integrity and human 

well-being. Consequently, detecting and monitoring soil salinity has become a research priority to 

better understand its linkage with land degradation and to support the development of sustainable 

agriculture strategies [5,19,20]. While recent studies have shown that overexploiting aquifers, 

particularly in arid and semi-arid regions, leads to secondary salinization of soil and water resources, 

others neglect to explore the relationships between salinity and soil biogeochemistry, land use, and 

biodiversity [21,22]. 

Although salinization has a severe economic impact, as reported by [23], who estimated annual 

global revenue losses of approximately $27.3 billion, it continues to challenge farmers and local 

economies. Salt-affected areas currently extend over an estimated 935 million hectares worldwide, 

with around 70% are located in arid and semi-arid regions, including Africa, China, the Middle East 

and various Asian countries [10]. These ecological, socio-economic, and environmental consequences 

have increasingly driven research efforts toward the prediction of soil salinity. In particular, there is 

the growing interest in developing robust models based on easily measurable in-situ soils 

parameters, such EC 1:5, pH, and others, to facilitate salinity estimation and support the 

implementation of sustainable soil management strategies. Salts consist of electrically charged ions 

derived from natural resources, such as shallow groundwater, and anthropogenic inputs, including 

fertilizers and low-quality irrigation water.  

Studies conducted by [14], define the anthropogenic salinization as a form of secondary 

salinization resulting from improper management practices. The latter reduce the soil capacity to 

support high quality crop production and disrupt normal plant growth. The main causes of this type 

of salinization include: 

(i) irrigation using brackish or saline water, often characterized by moderate to high solute 

concentration; 

(ii) irrigation of soils containing naturally occurring fossil salts, especially in arid and semi-arid 

regions; 

(iii) deposition of salt-particles from marine aerosols; 

(iv) rising saline water tables, often associated with deforestation and poor drainage infrastructure. 

Several studies [15,24], have also highlighted that secondary salinization results from the 

combined effect of low-quality irrigation water, inadequate drainage systems and excessive use of 

fertilizers. Globally, 20% of irrigated areas are affected by anthropogenic salinization [25]. Salinity is 

measured using either the electrical conductivity of the saturated paste extract (ECe) or the 1:5 soil-

to-water extract (EC1:5). The saturated paste method (ECe) involves preparing a soil paste at 
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saturation point, followed by the extraction of the solution for conductivity measurements. Although 

this method is time-consuming and relatively expensive, it provides a reliable estimate of the 

concentration of soluble salts at field saturation [27]. It’s the reference parameter used for classify 

soils and evaluate the grade of soil salinity for crop suitability. The 1:5 soil-to-water extract method 

(EC 1:5) is a widely used alternative for assessing soil salinity. It is simpler, less time-consuming, and 

more cost-effective than the saturated paste method. EC 1:5 involves mixing soil and deionized water 

in a fixed 1:5 ratio, allowing for standardized procedures and the development of conversion factors 

to estimate Ece [27]. However, this method may not accurately fit for all soil types, particularly for 

clay-rich soils, due to their high buffering capacity and water retention characteristics. Electrical 

conductivity, typically expressed in dS.m-1, is an essential parameter in agriculture for characterizing 

soil–water–plant interactions under saline conditions. It reflects the concentration of soluble ions in 

the soil solution: the higher the ion concentration, the greater the electrical conductivity. As salts 

dissolve in water, they dissociate into charged ions capable of conducting an electric current, making 

EC a reliable indicator of soil salinity.  

Throughout the last century, various prediction methods of soils salinity have been established, 

including statistical, remote sensing and machine learning methods, which have greatly impacted 

global researchers for boosting strategies for environmental sustainability. Soil degradation is further 

exacerbated by the expansion of irrigated agricultural areas, leading to a continuous increase in salt 

affected soils. Tunisia is one of the countries severely impacted by this phenomenon. Northern 

Tunisia, in particular, represents a typical semi-arid area characterized by high temperature and 

moderate precipitation, groundwater table and elevated concentrations of soluble salts.  

Conventional methods for predicting soil salinity often face limitations due to insufficient data 

availability and their inability to capture complex interactions among soil properties. The 

northeastern region of Tunisia, namely the focus of the study, is one of the country’s most important 

agricultural areas covering approximately 12 032 Km2 and accounting for nearly 60% of the national 

wheat production [28]. This region is characterized by moderate levels of soil organic carbon (SOC) 

and high soil salinity, along with considerable spatial variability in soil properties. Such 

heterogeneity underscores the need for accurate predictive models capable of estimating ECe [29].  

Soil salinity poses a major challenge for irrigated agriculture in this area, affecting most crops 

and leading to severe effects such as nutrients imbalances, degradation of soil fertility, deterioration 

of physical properties and reduced crop productivity [30]. 

In the present study, the field survey was conducted with a random sampling strategy, where 

sub-surfaces soil samples are collected depending on specific diverse crop cultivation, water 

irrigation sources, soil textures across Manouba province, in north-east of Tunisia. The goals were: (i) 

develop robust Pedotransfer functions (PTFs) for predicting ECe based on easily measurable soil 

properties; (ii) identify the most effective covariates to support practical prediction tools for farmers 

and to promote sustainable soil use; (iii) identify areas in Manouba province, a semi-arid land within 

the Mediterranean basin of Tunisia, that are prone to salt accumulation; (iv) provide practical 

recommendations for sustainable soil management by developing accurate models to determine 

salinity. The innovative aspects of the study involve the improvement of the accuracy of ECe 

prediction by integrating multi-statistical techniques. 

2. Materials and Methods 

2.1. Study Sites 

This study was conducted in Tunisia; a region located in Northern Africa between latitudes 32° 

and 38° North and longitudes 7° and 12° East. Known for its geographical diversity, with its northern 

areas influenced by the Mediterranean Sea and the south bordered by the Sahara Desert. This 

variation contributes to a different range of climate conditions, including dry summers and wet 

winters, making it susceptible to soil salinity degradation [31]. The investigated area was specifically 

Manouba province, situated in the northeastern part of Tunisia. The study area covers approximately 
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1,137 km², representing about 1.12% of Tunisia’s total surface area. It is geographically located around 

36°4’28” N latitude and 10°6’4” E longitude (Figure 1). Characterized by a Mediterranean climate, the 

mean annual rainfall is about 450 mm year-1, and the average temperature is approximately 18.7°C. 

The governorate is known for its varied topography, which includes hills and fertile plains. Such 

diversity makes it an ideal area for exploring soil salinity and its impact on crop productivity and 

food security [29]. Manouba province, known by the important number of irrigated perimeters, the 

majority of them were established after Tunisia independence, shows a crucial expansion of water 

management infrastructures and drainage systems [32]. Studies show the predominance of alluvial 

soil formations characterized by limestone series ranging from continental Mio-Pliocene to middle-

upper Pleistocene. The lithology of the area includes an alternation of clayey deposits of limestone 

crusts, varying according to the topography, soils and types of crops [33]. 

Soil samples were collected during the dry and wet seasons (2022-2024), using a random 

sampling strategy to ensure a global representative distribution of soil characteristics across the 

province. A total of 46 soil samples were gathered from most of the region’s agricultural plots (Figure 

1). Sixteen samples were obtained from the southern part of the Medjerda River, particularly within 

the Jedeida district. Additional ten samples were collected from the northern side of the Medjerda 

River. Overall, the remaining 20 samples were collected across the entire province to ensure a spatial 

coverage. Moreover, samples coordinates were recorded by GPS, considering the topography and 

landscape characteristics. This geospatial data will ensure a precise mapping and analysis of soil 

salinity patterns across the region. Our sampling strategies permits the capture of the natural soil 

variability (physico-chemical properties and salinity), provides a comprehensive dataset for salinity 

analysis. As a result, in order to empower soil management strategies, predicting soil electrical 

conductivity provides a precise evaluation of soil salinity across various soils classes within Manouba 

province. According to the WRB classification, the sampled soils predominantly correspond to 

Calcisols, with two samples (M1 and M2) identified as Acrisols.  

 

Figure 1. Geographical localisation of the study area and sampling points. 

2.2. Soil Chemical-Physical Analyses  

Laboratory analyses were conducted to characterize the physical and chemical properties of the 

soil samples, following a standardized multi-step preparation process to ensure reliable results and 

support the development of predictive models for soil electrical conductivity (ECe). Soil samples 
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were collected from the topsoil (0–20 cm depth), air-dried, manually ground, and sieved through a 2 

mm mesh to remove coarse fragments and organic debris. The processed samples were then stored 

in labelled plastic bags prior to analysis. The following methods were used for determining soil 

properties 

•  Sedimentation method was used to determine soil texture; 

•  Walkley-Black method was used for soil organic carbon (SOC) measurement. 

•  kjeldhal digestion method was used for determining Total Nitrogen levels; 

•  BaCl₂-MgSO₄ complexometric titration method using EDTA (Ethylene-diamine-tetra-acetic 

acid) as titrant was used for measuring Cation Exchange Capacity (CEC); 

• Soil pH was measured in a 1:2.5 soil-to-water suspension. 

Finally, two complementary methods were used for measuring the electrical conductivity, 

namely the EC 1:5 and the ECe methods:  

(i) EC 1:5 method: 20 g of soil were mixed with deionized water in a 1:5 ratio, shaken at 150 rpm 

for 120 minutes at 25°C, and then filtered. The electrical conductivity of the supernatant was 

measured using a conductivity meter.  

(ii) Saturated paste extract (ECe): 200 g of soil were gradually moistened and mixed until a 

saturated paste consistency was achieved, as described by [26]. The paste was covered and left to 

equilibrate for 24 hours at room temperature. The pore water was then extracted using suction 

filtration with Whatman no. 42 filter paper in a Buchner funnel, and its conductivity was measured 

using a standard conductivity meter. 

2.3. Data Elaboration  

Descriptive statistical analysis was performed using Excel (Microsoft office plus, 2019), to 

determine the distribution of the data, including the calculation of means, medians and standard 

deviations (Table 1). R (4.4.1 version) and Tanagra data mining software (1.4 version) were used for 

advanced statistical analysis and predictive modelling of ECe distribution. The integration of these 

multi-tools streamlined the development of a robust and multi pedotransfer-functions of the soil 

salinity prediction. Regression is a data mining technique used to model the relationship between 

variables by fitting an equation to a data set. There are two types of linear regression: Simple Linear 

Regression (SLR) who involves one dependent (outcome or response) variable and one independent 

(predictor or explanatory) variable, uses the equation of a straight line. The relationship between ECe 

and EC 1:5 has been described and collected models to predict salinity by [34]. We selected PTFs used 

and applied from different studies from literature to predict electrical conductivity from soil 

parameters [34]. The selection was based on EC 1:5 measured in the laboratory as input variables, and 

ECe as output.  

Table 1. Descriptive statistics of soil physical-chemical parameters (n=46). 

Soil Parameters Unit Mean SD* Min Max Range Skewness Kurtosis CV%* 

EC 1:5 *  dS m−1 1.38 2.97 0.13 16.31 16.18 16.17 3.88 215.94 

ECe* dS m-1 2.59 2.87 0.35 16.31 15.96 12.25 3.18 110.46 

pH* --- 7.39 0.33 6.44 8.04 1.60 0.78 -0.32 4.46 

CaCO3* % 25.57 14.26 0.85 47.86 47.01 -1.39 -0.18 8.23 
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EC1:5 =Soil electrical conductivity measured in extract soil: water 1:5 ratio; ECe*= Soil electrical conductivity 

measured in a saturated paste; pH*= Soil reaction; CaCO3*= Calcium carbonates; SOC*= Soil organic Carbon; Nt*= 

Total nitrogen; CEC*= Cation exchange capacity; Clay*= Percentage of fine soil particles 0.002 mm in diameter. 

Silt*= Percentage of intermediate soil particles between 0.002 and 0.05 mm in diameter; Sand*= Percentage of 

coarse soil particles > 0.05 to 2 mm in diameter; SD*=standard deviation; CV%*=coefficient of variation. 

PTFs selected in this study, particularly for clayey soils in arid and semi-arid regions similar to 

north Tunisia. The two PTFs were presented on the following Eqs I and II, results are shown on Table 

2: 

[35] model:  ECe = 6.53 × EC 1:5 - 0.108                           Eq. I 

[36] model:  ECe = 9.70 × EC 1:5                                  Eq. II 

Generating a new PTFs, based on the following steps; Calibration and validation procedures. 

Starting with building new models using the ancient equations developed by other researchers, 

selected in Table 2 as calibration procedure. Then, changing the PTFs parameters in the equation as 

a validation procedure to establish a new one [37].  

Table 2. Tested SLR model and generated Pedotransfer-function. 

SOC* % 33.53 0.73 0.00 2.86 2.86 -0.46 0.21 2.18 

Nt* % 1.17 0.05 0.03 0.22 0.19 -0.10 0.73 4.25 

CEC* Cmol (+) Kg-

1 

0.11 9.43 1.88 50.00 48.12 0.85 -0.10 38.58 

Clay* % 38.91 14.21 7.25 65.00 57.75 -0.14 -0.64 5.41 

Silt* % 27.07 9.20 8.35 45.00 36.65 -0.59 -0.04 5.02 

Sand* % 33.53 18.88 6.55 75.50 68.95 -0.28 0.62 5.63 

Models/PTFs Soil covariates Equations R2 value 

  [35] model EC 1:5 ECe = 6.53 × EC 1:5-0.108      

 

0.87 

  [36] model EC 1:5 ECe= 9.70× EC 1:5       0.87 

PTFs (1) 

Multiple linear  

regression 

EC 1:5 – pH 

CEC – Clay 

CaCO3 – SOC  

TN 

ECe=8.58+ (0.90) × EC1:5 +(0.0047) × CEC + (-0.916) × pH+ 

(-0.002) ×Clay +(0.020) ×CaCO3+ (0.14) ×SOC +(-1.10) ×TN                                     

0.85 

PTFs (2)  

Stepwise linear 

EC 1:5 – pH ECe= 7.63+ (0.83) × EC1:5 + (-0.85) ×pH                           0.71 
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The second type of regression is the Multiple Linear Regression (MLR) applied to the entire 

dataset, with ECe as the dependent variable (target). Input variables including Soil Organic Carbon 

(SOC), Total Nitrogen (TN), Cation Exchange Capacity (CEC) and other soil characteristics, were 

selected based on their known influence on soil electrical conductivity. Another part of our work 

focused on outliers detection, as an important step to evaluate the influence of each observation. [38], 

in their research mentioned that outliers deviate from other observations and appear inconsistent 

with the rest of the data.  

The models were evaluated by calculating the predictor errors as the mean absolute error which 

measure the average absolute magnitude of errors (MAE), the mean squared errors, which measure 

the average square magnitude or error (MSE), the root mean squared error (RMSE), measuring the 

square root of the average squared magnitude of error and the coefficient of determination (R²), 

which indicates the proportion of variance in the observed values that is explained by the model. 

Higher R² values suggest a better fit between predicted and observed data [38]. Whether simple or 

multiple, regression models can fit more complex models by using advanced techniques which 

incorporate more than one input variables. 

3. Results 

The collected samples contain a range of soil textures classes, including sandy loam, clay loam, 

and silt loam soils. Each sample was analyzed for key parameters such as Soil Organic Carbon (SOC), 

Total Nitrogen (TN), Cation Exchange Capacity (CEC), pH, Clay, Sand and Silt contents, EC 1:5, which 

are essential for understanding soil health and predicting electrical conductivity (ECe) (Table 1). 

The Coefficient of Variation (CV%), that is one important index resuming the variation or 

heterogeneity for each parameter measured, highlights the variability of our soils characteristics. For 

the soil salinity indicators EC 1:5 and ECe, shows a significant variability, with an important coefficient 

of variation (CV%) values of 215.94% and 110.46%, respectively. This large range of salinity levels 

 regression        

PTFs (3)  

Multiple linear 

 regression        

EC 1:5 – pH 

CEC – Clay-Silt-

Sand 

CaCO3 – SOC  

TN 

ECe= -0.34+(0.86) × EC1:5 +(0.003) ×CEC + (-0.96) ×pH +(-0.019) 

×CaCO3 +(0.089) ×Clay + (0.098) × Silt + (0.091) × Sand + (0.07) 

×SOC + (-0.70) ×TN                     

 

0.84 

PTFs (4)  

Lasso & Ridge  

regression        

EC 1:5 – pH 

CEC – Clay 

CaCO3 – SOC  

TN 

ECe= 15.39+(0.76) × EC1:5 +(0.002) × CEC +(-1.58) ×pH +(-0.04) × 

CaCO3 + (-0.04) × Clay + (-0.23) × SOC +(2.62) × TN                                                       

 

0.89 

PTFs (5)  

Multiple linear  

regression        

EC 1:5 - pH 

CEC-SOC  

TN 

ECe= 1.226+(0.905) × EC1 :5 +(-0.005) × CEC + (0.220) × SOC 

 + (-0.105) × TN           

 

0.83 
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throughout the Manouba province, revealed the diversity of soil classes and conditions that may 

require different management strategies for soil health and sustainability. Meanwhile SOC (2.18%), 

and total nitrogen (4.25%) presents very low CV% values, showing a homogenous (uniform) soil 

characteristics across the study area. In contrast, CEC display a moderate CV% (38.58%) suggesting 

few variabilities for soils nutriments retention capacity.  

As texture is a significant parameter in our studies, including clay (5.41%), silt (5.02%), and sand 

(5.63%), present a very low CV% values, this leads that soil textures of our samples across the study 

area are consistent. Understanding the soil properties variation is critical step to develop soil salinity 

predictions models for implanting efficiency soil management strategies.  

For the predictive statistics and multiple linear regression models, only variables demonstrating 

statistical significance at the 0.01 level were used into predictive equations and incorporated in the 

final results. The reliability of the model was evaluated using the percentage of variance explained 

(R2 values). Using all the available parameters, multiple linear regression (MLR) was employed to 

evaluate the combined effects of soil properties on electrical conductivity at saturation (ECe). The 

MLR resulted on the following Eq.1:  

𝐄𝐂𝐞 = 𝟖. 𝟓𝟖 +  (𝟎. 𝟗𝟎) ×  𝐄𝐂 𝟏: 𝟓 + (𝟎. 𝟎𝟎𝟒𝟕) ×  𝐂𝐄𝐂 + (−𝟎. 𝟗𝟏𝟔) ×  𝐩𝐇 + (−𝟎. 𝟎𝟎𝟐) × 𝐂𝐥𝐚𝐲 +

(𝟎. 𝟎𝟐𝟎) × 𝐂𝐚𝐂𝐎𝟑 + (𝟎. 𝟏𝟒) × 𝐒𝐎𝐂 + (−𝟏. 𝟏𝟎) ×  𝐓𝐍       (1) 

The developed pedotransfer-function shows a strong predictive capability with an R2 of 0.85, 

demonstrating that 85% of the variance of ECe observed data is explained by the model. As for the 

prediction errors; MAE of 0.80, RMSE of 1.11, moderate and confirm the homogeneity distribution of 

errors.  

Overall, this PTF is derived from only 46 samples. The limited number of explanatory variables 

also restricts the equation's applicability.  

Consequently, additional multiple linear regression (MLR) analyses were performed by 

incorporating others textural parameters (silt and sand content) consistently yielded the same 

explained variance, but with slightly difference in R2. The procedure used in this part initially was a 

Stepwise linear regression model (Eq.2) and MLR model (Eq.3) containing all soil parameters, to 

predict ECe, which allowed independent variables to be added or eliminated at each step of the 

regression, ultimately refining the model to include only the significant factors. 

𝐄𝐂𝐞 =  𝟕. 𝟔𝟑 + (𝟎. 𝟖𝟑) × 𝐄𝐂 𝟏: 𝟓 + (−𝟎. 𝟖𝟓)  ×  𝐩𝐇                                 (2) 

The Stepwise linear regression model shows a mean absolute error (MAE) of 0.829, and a root 

mean squared error (RMSE) of 1.160. the fact of RMSE is slightly higher than MAE with R2 of 0.71 

suggest the presence of some predictors. However, this model presents a useful predictive accuracy. 

𝐄𝐂𝐞 =  −𝟎. 𝟑𝟒 + (𝟎. 𝟖𝟔𝟎) ×  𝐄𝐂 𝟏: 𝟓 + (𝟎. 𝟎𝟎𝟑) ×  𝐂𝐄𝐂 + (−𝟎. 𝟗𝟔𝟎) × 𝐩𝐇 +

(−𝟎. 𝟎𝟏𝟗) ×  𝐂𝐚𝐂𝐎𝟑  + (𝟎. 𝟎𝟖𝟗) ×  𝐂𝐥𝐚𝐲 +  (𝟎. 𝟎𝟗𝟖) ×  𝐒𝐢𝐥𝐭 +  (𝟎. 𝟎𝟗𝟏) × 𝐒𝐚𝐧𝐝 +
 (𝟎. 𝟎𝟕) × 𝐒𝐎𝐂 + (𝟎. 𝟕𝟎) × 𝐓𝐍                                      (3) 

The model predicts ECe with high accuracy, demonstrating an average error (MAE) of 0.81 

lower than a typical RMSE of 1.10. An R2 of 0.84, alongside long errors values, confirm the strong 

predictive performance of the PTF.  

In order to improve the predictions, two linear regressions models were conducted, the Ridge 

and lasso regression, presented on the following Eq.4. 

𝐄𝐂𝐞 =  𝟏𝟓. 𝟑𝟗 + (𝟎. 𝟕𝟔𝟎) ×  𝐄𝐂 𝟏: 𝟓 + (𝟎. 𝟎𝟎𝟐) ×  𝐂𝐄𝐂 + (−𝟏. 𝟓𝟖)  × 𝐩𝐇 +

(−𝟎. 𝟎𝟒)  × 𝐂𝐚𝐂𝐎𝟑 +  (−𝟎. 𝟎𝟒) ×  𝐂𝐥𝐚𝐲   +  (−𝟎. 𝟐𝟑) ×  𝐒𝐎𝐂 + (𝟐. 𝟔𝟐) ×  𝐓𝐍  (4) 

Lasso and Ridge regression both improve ECe prediction with a higher R² of 0.89, a slight high 

error is showed in Ridge regression (MAE= 0.85, RMSE=1.13). While Lasso demonstrates a more 

accuracy model with similar predictor errors values a more (MAE =0.81, RMSE= 1.12). Following the 

clustering process, selection of crucial predictors of soil electrical conductivity, another pedotransfer-
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function (PTFs) was developed using electrical conductivity of saturated paste (ECe) as dependent 

variable while the optimal predictor variables selected were soil organic carbon (SOC), total nitrogen 

(TN), Cation exchange capacity (CEC), and EC 1:5.  

The fifth PTFs resulted in Eq.5: 

𝐄𝐂𝐞 = 𝟏. 𝟐𝟐𝟔 + (𝟎. 𝟗𝟎𝟓) × 𝐄𝐂𝟏: 𝟓 + (−𝟎. 𝟎𝟎𝟓) × 𝐂𝐄𝐂 +  (𝟎. 𝟐𝟐𝟎) ×  𝐒𝐎𝐂 +
 (−𝟎. 𝟏𝟎𝟓)  × 𝐓𝐍                                                      (5) 

This PTF demonstrates strong capability and predictive performance, with a R2 of 0.83, a low 

MAE of 0.82 and RMSE of 1.157. These values show a consistent and accurate predictive model with 

minimal errors across the data. Conducting a MLR analysis on a large dataset would be immensely 

time-consuming. Leading to perform with C- predictive regression tree models (C-RT), where 

outcomes reveal a tree containing 3 leaves displayed the best results, with the lowest mean squared 

error (MSE) during both the growing (1.1579) and pruning (2.9832) stages. This configuration showed 

the minimum standard error (SE) of 1.6202. Trees with a smaller number of leaves generally 

presented reduced MSE values, suggesting superior accuracy in predicting the target variable. In 

conclusion, the 3-leaf tree structure demonstrated the optimal performance for prediction soil 

salinity, creating a best balance between model complexity and error minimization 

Tree Visualization: 

•EC 1:5 < 0.7100 then avg (ECe)=1.5458 (std.dev=1.0466 with 21 examples (70.00%)) 

•EC 1:5 >= 0.71000 

         ├──  EC 1:5 < 8.4150 then avg (ECe)= 4.4012 (std.dev=1.3537, with 8 examples 

(26.67%))  

         └── EC 1:5 > 8.4150 then avg (ECe)= 11.2400 (std.dev=-99999.0000, with 1 example 

(3.33%)) 

The data is categorized by the C-RT regression tree using EC 1:5 measurements to estimate ECe. 

As EC 1:5 values below 0.7100, the ECe average is 1.5458, englobing 70% of the samples. When EC 1:5 

surpasses 0.7100, the tree splits further to two more categories. Results suggest that ECe averages 

increase from 4.4012 for values under 8.4150 and to 11.2400 for those exceeding 8.4150. However, the 

group created with EC 1:5 > 8.4150 contains one sample (few examples), an atypical result. The C-RT 

regression algorithm split our dataset into two categories: a growing set and a pruning set. This 

algorithm generates a maximum number of trees that fits with the growing set, while assessing 

subtrees using the cost-complexity principle. The pruning set is utilized to quantify regression error 

(RE). The final result tree displayed a predictive accuracy for soil electrical conductivity (ECe), 

accounting a reduction in RE, confirming the effectiveness of removing unnecessary branches. 

Both SLR and MLR models were applied to assess soil electrical conductivity prediction and soil 

covariates capability. Figure 2 illustrate the predicted ECe values based on single covariates EC 1:5, 

with R2 of 0.83, highlighting the alignment relationships between observed and predicted data. 

Alternatively, Figure 3 represent the ECe predicted by MLR, with R2 of 0.83 also, showing a 

significant correlation across the observed and predicted dataset. 
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Figure 2. Bivariate relationship between electrical conductivity measured by saturation pastes extracts ECe and 

EC 1:5 soil: water ratio. 

 

Figure 3. ECe predicted by MLR. 

Table 2 resume all the predictive pedotransfer-functions developed by a multi-tool statistical 

approach, either the tested SLR models that correlate with soils classes and textures in semi-arid 

region of Northeastern Tunisia.  

4. Discussion 

This research presents a comprehensive assessment of soil salinity in Northeast Tunisia, using a 

diverse set of statistical software to develop 5 predictive Pedotransfer functions (PTFs). 

The high R2 values of 0.85 for PTFs (1) developed by Excel, R2 =0.83 of PTFs (5) generated by 

Tanagra, and PTFs (4) with R2 of 0.89 determined with R, highlighted the strength of these models in 

predicting electrical conductivity (ECe). These findings underscore the major role of various soil 

characteristics such as soil organic carbon, total nitrogen, cation exchange capacity, soil texture, and 

EC 1:5 in determining the ECe. However, a minimal difference in predictive accuracy has been 

R² = 0.8275

0

2

4

6

8

10

12

14

16

18

 -  2.00  4.00  6.00  8.00  10.00  12.00  14.00  16.00  18.00

EC
e

d
S 

m
-1

EC measured in extract 1:5 soil: water ratio dS m-1

R² = 0.8299

 -

 2.00

 4.00

 6.00

 8.00

 10.00

 12.00

 14.00

 16.00

 18.00

0 2 4 6 8 10 12 14 16 18

Ec
e

  m
e

as
u

e
d

  (
d

S 
m

-1
)

ECe predicted (dS m-1)

ECe predicted

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 August 2025 doi:10.20944/preprints202508.1826.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.1826.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 16 

 

remarked (R² = 0.85 vs. 0.83) highlighting the effectiveness of adding soil parameters, such as calcium 

carbonates (CaCO3), as covariates for multiple linear regression (MLR). The first PTF shown slightly 

a better performance with R² = 0.85, displaying the importance of incorporating all soil properties to 

determinate ECe. Nevertheless, using an advanced data response, stepwise linear regression model 

including its capabilities and adaptability in data handling, access to complexes analysis, shows how 

variable selection can create an efficient second PTF with R2=0.84. Some studies align with our 

approach that emphasized the importance of selecting predictors to specific modelling and research 

goals. The salinity predictions highlighted the importance of identifying significant predictors to 

maintain models predictive accuracy while reducing complexity and redundancy. The first PTF 

shown a better performance with R² = 0.85, presenting the importance of incorporating all soil 

properties to determinate ECe. Alternatively, regression techniques such as multiple linear regression 

(MLR), stepwise linear regression (MLSR), and lasso/ridge regression are more evident to predict a 

dependent variable using one or more independent variables.  

For time-consuming and accuracy, it is essential to select the important covariates from all the 

measured soil parameters [39]. Stepwise linear regression model is a combination of forward and 

backward elimination of inputs, including its capabilities and adaptability in data handling to 

generate a best model [40,41]. This regression technique is an available method for access to 

complexes analysis by eliminating the multicollinearity problem between covariates, demonstrates 

an efficient second PTF with R2=0.84. [42], in his research in south Algeria, align with this approach, 

using a stepwise regression to ensure soil salinity prediction through soil covariates selection. 

Similarly, the identification of organic carbon, total nitrogen, and CEC as key predictors matched 

with study’s findings by [43], on soil salinity in arid and semi-arid regions. Although, linear models 

provided effective predictions, the C-Predictive Regression Tree (C-RT) model achieved either an 

optimal results with R² = 0.77 by capturing non-linear relationships between variables. This suggests 

that non-linear approaches can enhance predictive capabilities, particularly in heterogeneous soils 

with complex interactions. Other research conducted by [44], has shown that non-linear models 

perform well in predicting salinity, especially in areas with heterogenous soil types and poor water 

management strategies. Reliability of this approach is crucial for promoting sustainable soil 

management in north-east Tunisia, where salinity poses a significant problem to agricultural 

productivity and soil health. Regression models represent the significant impact of soil properties as 

EC 1:5, soil organic carbon, clay content, and cation exchange capacity (CEC) on predicting electrical 

conductivity at saturation (ECe). As R² values, ranging from 0.83 to 0.89, models obtained displayed 

a robust predictive capability due to the optimal chosen predictors. The simple linear regression 

models using one predictor EC 1:5, including the two tested models of [35,36], are particularly 

applicable to clayey soils in arid and semi-arid climates, for our soils they demonstrated a robust 

accuracy with R2 of 0.89. The inclusion of additional soil parameters in MLR significantly improved 

the models efficiency, confirmed by [45], on his findings he underscores the importance of EC 1:5 and 

soil organic carbon in the evaluation of the potential of machine leaning to predict soil salinity and 

mapping. 

The first PTF demonstrated strong predictive power with an R² of 0.85, regarding the importance 

of pH, soil organic carbon, and CEC in predicting soil salinity. On behalf, three PTFs generated from 

our results, including stepwise regression, MLR, lasso and ridge offered insights into variable 

selection by reducing predictors to EC 1:5 and pH or adding others soil parameters while maintaining 

a robust R² ranging from 0.71 to 0.89. The MLR model with R2= 0.84 improves predicting soil electrical 

conductivity by focusing on key predictors (Textures, pH, soil organic carbon, total nitrogen ...).  

However, Ridge and Lasso regression models generates further a predictive performance with 

R² = 0.89, showing their ability to define multicollinearity with many variables. Seems lasso/Ridge 

linear regression is the star player here, optimized variable selection, while both stepwise linear 

regression and MLR, confirmed the relationships between soil covariates selection and ECe 

prediction. Those three pedotransfer-function providing the best soil electrical conductivity 

estimation due to the optimization of variable selection, this outcome aligns with [45] observations 
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on the superior performance of regularization techniques in salinity prediction. This research study 

holds significant practical implications for sustainable soil management in Northeast Tunisia, were 

salinity poses a critical problem to crop productivity. The developed models can inform farmers 

interventions, including managing irrigation practices, optimizing drainage systems and modifying 

soil characteristics to combat salinity. For instance, a study in the United Arab Emirates (UAE) 

conducted a region-specific relationship between ECe and TSS in Abu Dhabi soils, diverging from 

the standardized relationships by the US Salinity Laboratory Staff (1954) [46]. This divergence 

highlights the necessity for calibration in salinity measurement techniques, in order to reinforce the 

approach for forecasting clayey soils in northeastern lands of Tunisia.  

Studies in Morocco, have been integrated soil and water management practices with the 

cultivation of salt-tolerant crops to mitigate soil salinity [43]. The Moroccan experience displays the 

importance of combining different statistical methods in order to estimate soil hydraulic properties, 

using soils covariates like clay and silt contents, soil organic carbon, they found that multiple linear 

regression models using performed best than Cubist algorithm, regression tree and Random Forest, 

which aligns with the multi-tool approach used in this study [43].  

A final pedotransfer-function (5) generated with a variable selection, showed a R2 of 0.83. Hence, 

ECe is the reference parameter for soil classification and for the determination of the grade of soil 

salinity in agricultural plots. Although the C- predictive Regression Tree (C-RT) model achieved a 

high accuracy (R² = 0.77), indicating a non-linear relationship that linear models might overlook. [47] 

in his research, emphasized the advantages of non-linear methods(N-MBL) algorithm using visible 

near-infrared (vis-NIR) spectroscopy in regions with heterogeneous soils, especially with complex 

interactions between soils variables. This suggests that integrating non-linear approaches can 

significantly enhance predictive accuracy, particularly when soil properties have a complex 

interaction. By accurately predicting areas at risk of high salinity, the models developed can guide 

agricultural practices and policy decisions to prevent soil degradation. 

For example, regions identified with elevated ECe levels can be selected for specific management 

interventions such as leaching, optimizing drainage, or starting salt-tolerant crops cultivation [48].  

For this study, each predictive model effectiveness was methodically assessed to identify the 

most suitable approach for ECe prediction. 

Cross-validation methods were employed to ensure the models accuracy resilience and 

applicability. Significant regional variations in soil salinity were observed, with certain areas 

exhibiting elevated ECe levels. The practical implications of this research are significant for soil 

management in Northeast Tunisia. Consequently, the study aim is to predict soil salinity from soil 

parameters, according to predictive accuracy, the PTF (1) are the most appropriate, exhibiting the 

highest R² (0.85) with a huge number of covariates.  

However, for reasons of simplicity and practicality, PTF (5) is the best option, achieving an 

important R² (0.83) with a reduced number of predictors that are more less time-consuming and cost-

effective for farmers to measure: 

ECe=1.2264 +(0.9055) ×EC 1:5 +(−0.1053) × TN+(0.2209) × SOC+(−0.0054) ×CEC 

R2 = 0.83 and P-value = 3.07e-15  

The small p-value of 3.07e-15 <0.05, confirm that the relationship between soil parameters and ECe 

that we are testing is statistically significant. It would appear that EC 1:5 may be the most significant 

predictor, demonstrating a very strong relationship with ECe.  

Moreover, the integrated approach using multiple computational tools provides a more detailed 

and accurate assessment of soil salinity than any single method alone.  

These PTFs can serve as a model for other arid and semi-arid regions facing similar challenges. 

Our findings not only contribute to the local and national context but also offer insights that can be 

adapted and applied globally, as a transferable methodology for addressing salinity challenges 

worldwide. 

5. Conclusions 
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This research provides comprehensive understanding of soil salinity patterns in north-east of 

Tunisia, where salinity poses a critical problem to crop productivity and agriculture sustainability. 

Hence, ECe is the reference parameter for soil classification and for the determination of the grade of 

soil salinity in agricultural plots. While other factors such as total nitrogen (TN), soil organic carbon 

(SOC), and cation exchange capacity (CEC) influence ECe estimation, seems reasonable to admit the 

major role of EC 1:5 in the development of PTFs. Excel software demonstrated a robust model fit, 

besides the advanced capabilities of R language program and the non-linear models (C-RT) in 

Tanagra software offers valuable insights for optimizing predictive accuracy with variables selection 

and clustering. Accordingly, these statistical tools show a comprehensive framework for of soil 

salinity prediction, where developed models can inform farmers about soil salinity status, including 

managing irrigation practices and optimizing drainage systems. Traditional statistical methods such 

as SLR and MLR provide a significant model but advanced regression techniques like Ridge and 

Lasso regression optimize predictions for diverse soil conditions offering a more detailed and 

accurate assessment than any single method alone. This multi-tool statistical approach highlights the 

value of soil covariates selection by generating PTFs for semi-arid regions. 

In conclusion, long-term monitoring of soil salinity and the impacts of different irrigation 

practices will provide deeper insights into the dynamics of soil salinity, highlighting the necessity of 

developing strategies for soil health and agricultural sustainability in arid and semi-arid regions.  
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