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Abstract

:

Soil organic carbon (SOC) is an essential component, which soil quality depends on. Thus, understanding the spatial distribution and controlling factors of SOC is paramount to achieving sustainable soil management. In this study, SOC prediction for the Ourika watershed in Morocco was done using four machine learning (ML) algorithms: Cubist, random forest (RF), support vector machine (SVM), and gradient boosting machine (GBM). A total of 420 soil samples were collected at three different depths (0–10 cm, 10–20 cm, and 20–30 cm) from which SOC concentration and bulk density (BD) were measured, and consequently SOC stock (SOCS) was determined. Modeling data included 88 variables incorporating environmental covariates, including soil properties, climate, topography, and remote sensing variables used as predictors. The results showed that RF (R2 = 0.79, RMSE = 1.2%) and Cubist (R2 = 0.77, RMSE = 1.2%) were the most accurate models for predicting SOC, while none of the models were satisfactory in predicting BD across the watershed. As with SOC, Cubist (R2 = 0.86, RMSE = 11.62 t/ha) and RF (R2 = 0.79, RMSE = 13.26 t/ha) exhibited the highest predictive power for SOCS. Land use/land cover (LU/LC) was the most critical factor in predicting SOC and SOCS, followed by soil properties and bioclimatic variables. Both combinations of bioclimatic–topographic variables and soil properties–remote sensing variables were shown to improve prediction performance. Our findings show that ML algorithms can be a viable tool for spatial modeling of SOC in mountainous Mediterranean regions, such as the study area.
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1. Introduction


Soil carbon sequestration plays an important role in addressing climate change [1] by mitigating the effects of greenhouse gases [2,3,4,5]. In tropical ecosystems, soil carbon stocks account for up to 60% of the total carbon in the system, which is about 1600 PgC [6,7,8]. This underscores the role of soils as reservoirs of organic carbon not only in these regions but also across the planet [9]. Soil organic carbon (SOC) is a key determinant of soil fertility and thus of agricultural potential [10,11,12]. SOC stock is related to soil water infiltration, water retention, and soil structural stability [13].



Information on the spatial distribution of SOCS in different geographical areas can be used as a basis to study soil evolution [14,15,16]. With the spatial data obtained for SOCS, monitoring soil quality, and understanding variations that may impact atmospheric carbon dioxide (CO2) levels [12], greenhouse gas concentration and emissions, will be feasible [17]. The spatial distribution of SOCS varies with soil type, depth, climate, among others, [18]. Therefore, there are many approaches for SOCS measurement. Reflectance spectroscopy in the visible and near- and mid-infrared bands has yielded good results [13,19,20], while approaches such as Walkley and Black [21], Mebius [22], colorimetric [23], and dry burning have yielded satisfactory results in past studies despite certain limitations.



In recent years, digital soil mapping (DSM) approaches have replaced conventional methods, which are time-consuming and expensive [24]. DSM has been widely used in the prediction and subsequent mapping of the spatial variation in SOC [25,26,27]. Geostatistical methods from sampling points based on soil and environmental factors have been effective in investigating the distribution of SOCS [28,29,30,31]. The rationale for spatial prediction is that measuring SOCS at any point in space in a given area by field and laboratory work alone would be a very challenging and costly endeavor. Accordingly, spatial prediction is based on sampled points to predict the distribution of SOCS.



The recent research trend seems to be moving away from kriging as the core algorithm for mapping and toward ML for spatial prediction [32]. The DSM approach quantifies the relationships between soil properties and environmental covariates, focusing on soil-forming factors using various ML methods [24,33,34,35,36,37]. ML techniques are based on predictors to estimate the response variable such as SOCS. Typically, in DSM, environmental factors such as vegetation, climatic, and topographic variables that affect SOCS are included in addition to soil formation factors [38,39]. Both temperature and precipitation have been shown to influence SOCS [40]. In addition, vegetation parameters such as tree height, leaf area index, stem density, volume, and/or above-ground biomass have been shown to significantly influence SOCS [41,42]. Monitoring of these variables and, ultimately soil mapping, has been made possible by remote sensing techniques, as outlined by Berthier et al. [43], who studied the spatiality of SOC using visible–near-infrared spectroscopy and SPOT satellite imaging. The application of ML techniques requires that predictors go through several steps. One of these steps is variable selection, which involves limiting redundant predictors, thereby reducing computational time as well as improving model learning accuracy [44]. Several variable selection methods have been used in soil studies including LASSO, forward and backward stepwise selection techniques, sequential selection by replacement, and recursive feature elimination [45].



In low precipitation environments characterized by arid and semi-arid climates that dominate Morocco, soils are generally poor in organic matter. Thus, knowledge of the evolution of SOC is essential because it can allow management measures to be adapted according to needs, particularly in the region’s vulnerable ecosystems. The aim of this study is to predict SOC, BD, and SOCS at different soil depths (0–10 cm, 0–20 cm, and 0–30 cm) in the Ourika watershed in Morocco using ML models. Moreover, we look to identify the most important explanatory factors of SOCS in the watershed and to test if incorporating or excluding SoilGrids and WorldClim data as covariates would influence model accuracy. The objective is to provide spatial data on SOC that can serve as a resource for sustainable soil management in forests and agroecosystems.




2. Materials and Methods


2.1. Study Area


The Ourika watershed is located in the High Atlas Mountains in Morocco between latitudes 31°N and 31°20N and longitudes 7°30W and 7°60W (Figure 1). Its climate is variable, with differences in rainfall and temperature driven by factors such as altitude, topography, and proximity to the Atlantic Ocean. The higher elevations have cooler temperatures and receive much more precipitation, which can reach 700 mm/year, while the lower elevations are warmer and drier [46]. The region experiences seasonal variability in rainfall characterized by a wet season from November to March and a dry season from April to October. The terrain is undulating, with steep slopes, which predisposes it to runoff and erosion. Although the average elevation of the watershed is about 2500 m, up to 75% of the area is between 1600 m and 3200 m. Geologically, the watershed is underlain primarily by magmatic rocks in the upstream portion and sedimentary rocks downstream. The land use is marked by a very diverse forest cover, with a predominance of holm oak (Quercus rotundifolia), Barbary thuja (Tetraclinis articulata), and Mediterranean junipers (Juniperus oxycedrus, Juniperus phoenicea, and Juniperus thufifera). The dominant agricultural practice in the region is the adoption of terraced farming, where the terraces form platforms covered with fruit trees, vegetables, and cereal crops.




2.2. Sample Collection and Analysis


In this study, soil sampling was conducted using a stratified simple random sampling design because of its reliability and effectiveness in adequately representing each land use/cover (LU/LC), thus allowing SOCS comparisons between strata. The selection of sampling sites was based on the different LU/LC present in the watershed, as outlined in Table 1. To ensure a representative sample, seven sampling points were randomly selected for each LU/LC type, and soil samples were collected at three different depths (0–10 cm, 10–20 cm, and 20–30 cm) using 4-cm diameter, 10-cm high cylinders. A total of 420 samples were collected, representing 20 LU/LC types, seven sample sites per type, and three depths per site. Overall, 140 sampling sites were included in the study, thus allowing for a comprehensive analysis of soil characteristics across the different LU/LC types in the watershed.



Samples were stored in buffers and analyzed in the laboratory after being dried to a constant weight, then crushed and sieved through a 2-mm sieve. BD and SOC content in the fine soil (<2 mm) of each horizon were determined by acid oxidation [21]. To estimate the amount of carbon (q) in horizon (i) by area, three parameters [47,48]) were applied, as shown in (1):


  q   ( i )   =   0.1   ×     E i     ×   BD   ( i )   ×     C i    



(1)




where, q (i) represents SOC stock in horizon (i) in t/ha; Ei is the thickness of horizon (i) in cm; BD (i) represents bulk density of fine fraction (<2 mm) in horizon (i) in g/cm3; and Ci is the concentration of organic carbon in the fine fraction for horizon (i) in g/kg.



The total amount of carbon (Q) in the soil at a given depth is the combined amount present in each horizon, calculated as shown in (2):


   Q    =    Σ     (   q     ( i )   )   



(2)








2.3. Predictor Variables for Modeling


There are several drivers and indicators of SOC storage [49,50,51,52]: climate, topography, parent material, organisms (i.e., natural vegetation, land use and management, soil biota, etc.), and soil properties (i.e., soil type, soil aggregation, silt and clay content, clay mineralogy and specific surface area, among others). Climatic conditions, notably temperature and precipitation, affect SOCS on a global and regional scale by influencing both the supply of carbon to the soil and its decomposition dynamics [51]. Topography impacts SOC storage due to its effect on precipitation, water flow and accumulation, and erosive processes. The influence of bedrock on SOCS is related to its impact on soil characteristics, including texture, mineralogy, and therefore fertility, which collectively impact net primary productivity [53]. Vegetation and land use influence SOCS dynamics through the depth distribution of organic carbon, which varies among different plant functional types due to different carbon allocation patterns [54]. As for soil type, texture, and structure, they represent one of the driving factors influencing SOCS [51,55,56]. Indeed, soil structure is enhanced by organic matter by improving physical properties through different organic binders [50]. The interaction between soil mineralogy and SOCS has been the subject of much research, with clay and silt found to influence SOC stabilization, thereby controlling soil carbon sequestration [57].



Data used for this study were obtained from various sources. Chemical and physical property variables were collected from SoilGrids (https://soilgrids.org/ (accessed on 4 May 2022): [58]), while climate predictors were downloaded from WordClim (https://www.worldclim.org/ (accessed on 4 May 2022): [59]). Topographic variables were extracted from a 30 m digital elevation model (DEM) obtained from the ASTER GDEM platform (https://asterweb.jpl.nasa.gov/gdem.asp, accessed on 18 May 2022), while remote sensing predictors were obtained from Landsat 8 images downloaded from the USGS GLOVIS platform (https://glovis.usgs.gov/app, accessed on 18 May 2022). In order to integrate the different variables in the different modeling steps of SOCS, it was necessary to extract the data related to the study watershed. Accordingly, this was performed in an R environment, and the respective variables and predictors are shown in Figure A1, Figure A2, Figure A3 and Figure A4. Soil variables (Figure A1) included BD, cation exchange capacity at neutral pH, carbon density, coarse fragments, clay, silt, nitrogen, and sand contents, each at different depths (0–5 cm, 5–15 cm, 15–30 cm) and soil types. Climate predictors, topographic variables, and remote sensing variables are also presented in Figure A2, Figure A3 and Figure A4, respectively.




2.4. Regression Algorithms


2.4.1. Random Forest (RF)


Developed by Breiman [60], RF is composed of several decision trees, working independently on a view of a problem. The efficiency of RF models strongly depends on the quality of the initial data sample. RF is based on the bagging principle. A dataset is initially split into smaller groups (decision trees), after which a training model is set up for each group. The output of these decision trees is then aggregated to produce the most reliable prediction.




2.4.2. Cubist


Cubist is a development of Quinlan’s [61] M5 model tree. It is structured on the basis of a developed tree, where the linear regression models are located in the terminal leaves. Intermediate linear models are identified at each stage of the tree, and the models are based on the predictors employed in the previous divisions. The linear regression model makes a prediction at the terminal node of the tree while taking into account the prediction of the linear model at the node before it.




2.4.3. Support Vector Machine (SVM)


SVMs were created in the 1990s by the team led by Vapnik [62] and are known for their simplicity and versatility in handling problems. The goal is to classify data using a simple boundary that allows the difference between unique groups of data, called the margin, to be small enough to allow for a better understanding of the data. Support vectors (SVMs), which correspond to the data closest to the boundary, are called large-margin separators.




2.4.4. Gradient Boosting Machine (GBM)


GBM is based on a bagging-like concept, where the boosting process works sequentially in model creation. Initially, a preliminary model is created, which is then evaluated. A weighting is then assigned to each individual based on the performance of the prediction. Its purpose is to give more weight to individuals that were poorly predicted when building the next model. The weights can be adjusted as needed to improve our ability to predict poorly predicted values. To create each new model, this approach determines the weights of individuals using the gradient of the loss function.





2.5. Variable Selection and Cross Validation


Variable selection improves model accuracy by focusing the algorithms on the most relevant predictors. This approach eliminates unnecessary information that can lead to overfitting and, consequently, to erroneous conclusions while reducing computational costs. Another approach that helps prevent model overfitting is the cross-validation of data. It involves splitting the data into training and test subsets and evaluating model performance accordingly. Variable selection techniques include recursive feature elimination (RFE) and forward feature selection (FFS). FFS has demonstrated suitability with a strong interest in spatial variable selection, as highlighted by Meyer et al. [63]. Alternatively, it can be combined with cross-validation to identify the predictors conditioning the maximum performance [63]. In this study, the R package CAST was used to implement FFS with 10 × 10 repeated cross-validation. Variable selection was performed for each learning-response algorithm.




2.6. Modeling, Models Comparison and Validation


The sample set of observations was randomly divided into subsets in an 80:20 split. Accordingly, the first subset (80%) represented the sample data used for model training, while the remaining 20% was used for testing. To better characterize the error distribution of the models, a 10 × 10 repeated cross-validation resampling strategy was used when training the models. The robustness of the models was assessed based on the test data using the mean prediction error (ME), mean absolute prediction error (MAE), root mean squared prediction error (RMSE), and coefficient of determination (R2), whose calculations are given in (3)–(6), respectively.


  MAE =  1 N    ∑   i = 1  N   |  ε    (   S i   )   |   



(3)






  MAE =  1 N    ∑   i = 1  N   |  ε    (   S i   )   |   



(4)






  RMSE =    1 N    ∑   i = 1  N  ε      (   S i   )   2     



(5)






   R 2  =    (      ∑   i = 1  N   (   z     (   s i   )  −     z ¯    )   (     z     ^   (   s i   )  −      z     ^   ¯   )        ∑   i = 1  N     (   z     (   s i   )  −     z ¯    )   2        ∑   i = 1  N     (     z     ^   (   s i   )  −      z     ^   ¯   )   2       )   2   



(6)







An important advantage over existing approaches to assessing map quality is the evaluation based on the combined effect of several statistical parameters rather than a single index or list of indices [64,65]. Wadoux et al. [65] recommend the combination of commonly used statistics through diagrams, which consists of an integrated approach to evaluating quantitative soil maps through Taylor and solar diagrams. Accordingly, these diagrams were used in this study to evaluate predicted SOCS values.



A soil map can be evaluated based on a comparison between predictions from calibration locations and actual data. Yet, the resulting internal accuracy frequently overestimates the actual accuracy [66]. Thus, it is best to compare predictions to independent data that were not used in the modeling. External accuracy or test accuracy are terms used to describe this. In this study, the external accuracy of the maps was determined by estimating them using randomly distributed data, thus maintaining the characteristics of probability sampling [67].



To investigate model validity domains and map uncertainty, the infinitesimal jackknife method [68,69,70] was used to estimate the variability of predictions made by RF for the SOCS at 0–30 cm depth.





3. Results


3.1. Variable Selection and Variable Importance


Table 2 presents the 14 models trained and the predictors used with the direct feature selection algorithm. LU/LC was used as a predictor for all trained models. The best-fit hyperparameters of the models are presented in Table S1. For each of the 11 RF-trained models, LU/LC was found to be the most influential variable with an importance score of 100% (Figure 2), demonstrating its contribution to controlling the spatial distribution of SOCS in the Ourika watershed. On the other hand, the most important variables for Cubist and GBM were elevation (DEM) and cation exchange capacity (CEC.5.15) respectively, both with variable scores of 100%.



Isothermality (ISOTH), mean temperature of the coldest quarter (TCQ), and mean temperature of the wettest quarter (TWEQ) were the most important variables for RF trained with only bioclimatic variables (rf_b), presenting relative importance scores of 32.17%, 24.10%, and 23.53%, respectively. As for the RF trained with only the soil variables (rf_s), the clay fraction (0–5 cm: CL.0.5) was the most important variable, with an importance score of 50.30%. The modified nonlinear vegetation index (MNLVI) was the most influential variable for RF trained only with remote sensing variables (rf_rs), presenting an importance score of 7.33%, while for RF coupled with topographic variables (rf_t), LU/LC was essentially the only predictor. The analysis pertaining to the combination of bioclimatic and soil variables (rf_bs) highlighted TWEQ and DR as the most important variables, with relative importance scores of 57.08% and 6.71%, respectively, while the combination of bioclimatic and remote sensing variables (rf_brs) indicated TWEQ and MNLVI as the most influential, with relative importance scores of 26.94% and 8.52%, respectively. For the combination of bioclimatic and topographical variables (rf_bt), the most important variables were TWEQ, DEM, mean diurnal range (DR), and temperature annual range (TAR), with relative importance scores of 24.57%, 17.33%, 14.46%, and 12.37%, respectively. Based on the combination of soil and topographical variables (rf_st), the most influential variables were WI, CEC.5.15, Nitrogen (15–30 cm: N.15.30), and hillshade (HS), presenting relative importance scores of 26.72%, 25.86%, 23.11%, and 20.57%, respectively. As for the combination of remote sensing and topographical variables (rf_rst), the most relevant variables were DEM, land surface temperature from LANDSAT 8 Band 11 (LST11), HS, and renormalized difference vegetation index (RDVI), with relative importance scores of 34.61%, 25.15%, 20.70%, and 20.46%, respectively. The most influential variables for the combination of soil and remote sensing variables (rf_srs) were CL.0.5, RDVI, and CEC.5.15, presenting importance scores of 16.57%, 14.56%, and 12.22%, respectively.




3.2. Model Evaluation Using Cross Validation


Figure 3 shows the distribution of error metrics for prediction after 10 × 10 cross-validation for the RF, Cubist, SVM, and GBM algorithms on the training set. RF and Cubist were demonstrably the most accurate models. Indeed, they presented comparatively low MAE and RMSE values while being the best-fitting models, with RF being the better of the two (MAE = 10.77 t/ha, RMSE = 13.37 t/ha, R2 = 0.72). Figure 4 shows the results of the absolute error distribution for RF and highlights the predictive ability of the model. However, there is a notable loss of accuracy for areas characterized by high SOCS content. These represent areas of the watershed where the land cover is dominated by dense and moderately dense forests, which are generally characterized by high variability. In contrast to RF, SVM exhibited the lowest predictive power (MAE = 13.53 t/ha, RMSE = 17.95 t/ha, R2 = 0.51).




3.3. Model Evaluation and Comparison Based on the Testing Data


Figure 5 shows the R2 and RMSE values for the prediction of the different models based on the test data. For SOC prediction at a depth of 0–10 cm, Cubist was the best performing model with RMSE of 0.46% (R2 = 0.88). The following models in terms of performance were the RF, SVM, and GBM, with RMSE values of 0.59%, 0.66%, and 1.07%, respectively, and R2 values of 0.79, 0.75, and 0.32, respectively. At a depth of 0–20 cm, RF was the most accurate model for predicting SOC, with an RMSE of 0.9% (R2 = 0.80). This was followed by Cubist, SVM, and GBM with RMSEs of 0.93%, 1.25%, and 1.48%, respectively, and R2 values of 0.79, 0.62, and 0.48, respectively. At a depth of 0–30 cm, for SOC prediction, RF and Cubist showed the smallest RMSE at 1.2%, followed by SVM and GBM with RMSE values of 1.61% and 2.05%, respectively. Their respective R2 values were 0.79, 0.77, 0.59, and 0.36 for RF, Cubist, SVM, and GBM. The results revealed an increase in prediction errors with depth, ranging from 0.46% to 1.2%, 0.59% to 1.2%, 0.66% to 1.61%, and 1.07% to 2.05% for Cubist, RF, SVM, and GBM, respectively. Thus, for SOC prediction, RF and Cubist were shown to be the best performing models.



A strong relationship between observed and predicted SOC values is evidenced (Figure S1), while no apparent relationship is observed between residuals and fitted values, especially for the RF and Cubist models. None of the models showed the ability to predict BD with acceptable accuracy (R2 < 0.40; RMSE > 0.2 g/cm3). A weak relationship was obtained between observed and predicted BD, and an apparent relationship was noted between residuals and fits (Figure S2), which highlights an overall poor performance of the model in predicting BD.



RF was the most accurate model (R2 = 0.77; RMSE = 7.40 t/ha) for predicting SOCS at a depth of 0–10 cm, while Cubist had the greatest predictive power at both 0–20 cm (R2 = 0.83, RMSE = 8.89 t/ha) and 0–30 cm (R2 = 0.86, RMSE = 11.62 t/ha). Effectively, the two models performed best in predicting SOCS. In contrast, the GBM model demonstrated the lowest accuracy in predicting SOCS for all depth classes. Figure 6 shows the relationship between observed and predicted SOCS, as well as the relationship between residuals and fitted values. While there was a strong relationship between the observed and predicted SOCS, no discernable relationship was observed between the residuals and the fitted values, especially for the RF and Cubist models.




3.4. Contribution of Explanatory Factors and Integrated Evaluation of the Predictions


The metrics for assessing the quality of the predictions are presented in Table 3. The results of the ME analysis showed that all predictions had either a positive or negative bias. Based on the observed values, the least biased models were rf_b and rf_all, with ME values of −0.01 and −0.07, respectively, while the most biased models were GBM and SVM, with ME values of 1.29 and −0.98, respectively.



Despite the inclusion of both WorldClim bioclimate and SoilGrids variables derived from their associated modeling, this study has shown their potential to improve the accuracy and performance of the models. Indeed, the RF models using only topographic (rf_t) and remote sensing (rf_rs) predictors exhibited the lowest accuracies, with RMSE values of 10.38 t/ha (R2 = 0.84) and 10.29 t/ha (R2 = 0.85), respectively. In contrast, combining the bioclimatic and SoilGrids variables with the other selected predictors resulted in higher accuracies, with the best-performing model being the RF coupled with bioclimatic and topographic variables (rf_bt), which resulted in the lowest RMSE value of 7.87 t/ha (R2 = 0.92). Similar improvements in model accuracy were observed when combining bioclimatic and remote sensing variables (rf_brs), as indicated by an RMSE of 8.74 t/ha (R2 = 0.89). Consistent with observations using bioclimatic variables, SoilGrids predictors were found to improve model accuracy. Indeed, RF coupled with the combination of SoilGrids variables and topographic variables (rf_st), and remote sensing variables (rf_srs) resulted in generally low RMSE values of 8.97 t/ha (R2 = 0.92) and 8.05 t/ha (R2 = 0.90), respectively.



The results of the prediction accuracy assessment indicated that the most accurate models were rf_all (MAE = 5.33, RMSE = 7.58, R2 = 0.92), rf_bt (MAE = 5.59, RMSE = 7.87, R2 = 0.92), rf_srs (MAE = 5.78, RMSE = 8.05, R2 = 0.92), and rf_rst (MAE = 5.65, RMSE = 8.12, R2 = 0.91).



Evaluation of the different environmental covariates indicated that soil properties extracted from SoilsGrid (SGV) predicted SOCS with the lowest errors (RMSE = 8.49), followed by bioclimatic variables (BCV) (RMSE = 9.01). In contrast, prediction errors were higher for remote sensing variables (RSV) and topographic variables (TOV), which presented RMSE values of 10.29 and 10.38, respectively. In addition, the pairwise combination of covariates showed that BCV + TOV had the best predictive performance (RMSE = 7.84) while SGV + TOV (RMSE = 8.97) represented the weakest combination. Accordingly, the best covariate combinations that improved predictive performance were BCV + TOV and SGV + RSV (RMSE = 8.05).



The 14 predictions considered are presented on the Taylor diagram (Figure 7) and the Solar diagram (Figure 8). The points closest to the reference point represent the least biased predictions. Both diagrams show that the least biased predictions are rf_all, rf_bt, rf_srs, and rf_bs, while the most biased models are svm, gbm, rf_t, and rf_rs.




3.5. Spatial Prediction of SOC and SOCS


Figure 9 and Figure 10 show the SOC and SOCS predicted by the RF and Cubist models. The highest SOC and SOCS contents were predicted for the central and northwestern sections of the watershed. These represent the generally low-lying areas of the watershed where elevations rarely exceed 1500 m. In addition, this region features areas of the watershed with decent forest cover that is characterized by a predominance of Barbary thuja, holm oak, and juniper. Conversely, the lowest predicted values were observed in the southern portion of the watershed, where the elevation is highest, reaching up to 3500 m, and where the characteristic land cover is a dominance of upland xerophytes and bare soil. With the exception of SOC predictions at the 0–30 cm depth where RF appeared to predict higher values than Cubist, there was a strong similarity in SOC and SOCS predictions at all depths by both models (Figure 10).



Interestingly, a comparison between these results and the results of the direct calculation of SOCS (Figure A5) from the predicted SOC content and BD highlights a tendency for the latter approach to underestimate SOCS throughout the watershed. This is particularly notable for the estimate of SOCS in the top 20 cm of soil, which shows that almost the entire watershed is characterized by low to very low SOCS.



The standard error of the SOCS prediction ranged from 3.1 to 15.4 t/ha, with a mean value of 3.4 ± 0.8 t/ha, while the ratio of MSE to mean SOCS prediction ranged from 0.03 to 0.92, with a mean value of 0.17 ± 0.07 (Table 4; Figure 11). The highest ratios of MSE to mean SOCS prediction were observed in areas with limited vegetation cover, such as upland thorny xerophytes, open forests, and croplands. These areas are also associated with low SOCS variability and thus low SOCS. In contrast, the lowest ratios were observed in dense and moderately dense forests, which have high canopy cover, high SOS content, and high SOCS variability. The models’ skill in predicting SOCS was high in dense and moderately dense forests, which could be ascribed to their high SOC content and high SOCS variability. Conversely, model accuracy was low in areas with sparse vegetation cover, low SOCS content, and low SOCS variability. The difficulty in accurately predicting SOCS in areas with low vegetation cover indicates a possible limitation of the models. Nevertheless, these results highlight the importance of vegetation cover as a parameter in accurately predicting SOCS in the watershed.





4. Discussion


Previous studies undertaken in Morocco have reported generally low SOM content and continuous decline in most soils due to factors such as intensive land use, making it imperative to conduct studies to assess the evolution of SOC and SOCS in soils, as this could be essential in the strategic management of vulnerable areas. In this study, an ML approach using RF, Cubist, SVM, and GBM algorithms was adopted for the prediction and mapping of SOCS for the Ourika watershed. Among the factors explored and variables used for modeling, LU/LC was found to be the most influential predictor of SOC and SOCS distribution. These findings are consistent with the observations of Wiesmeier et al. [71] who reported land use and associated soil types being the most critical variables controlling SOC distribution. LU/LC has been reported as a major factor influencing SOC concentration [72,73,74], and this is attributed to the impact of land use changes and land cover types on SOC accumulation and turnover.



The comparison of the different groups of environmental covariates showed that soil properties extracted from SoilsGrids and bioclimatic variables were the most relevant factors for SOCS in the Ourika watershed. Correspondingly, the combination of bioclimatic and topographic variables as well as soil properties and remote sensing variables resulted in improved prediction performance. Accordingly, this observation is supported by the work of Adhikari et al. [17] and John et al. [75] who highlighted in their respective studies in India and Nigeria the usefulness of a combination of environmental and soil variables in explaining SOC distribution and thus their influential role as predictors. Although the bioclimatic variables from WorldClim and the soil variables from SoilGrids were derived from their respective models, their incorporation as predictive variables improved the model performance in this study. Notwithstanding, the simple use of topographic and remotely sensed variables as predictors resulted in relatively high model accuracy for SOCS prediction, which is consistent with the study conducted by Zhou et al. [76] who noted that a combination of only satellite image-derived predictors and DEM-derived predictors resulted in the highest predictive accuracy for SOC in Central Europe.



Overall, RF and Cubist were the most accurate models for predicting SOC and SOCS in the watershed. Comparable results were reported by John et al. [75], where RF and Cubist exhibited the best prediction accuracy. Notably, both models have been shown to capture nonlinear relationships between predictive controllers and SOC and SOCS, as was the case in this study, producing high predictive accuracy comparable to methods such as regression kriging, as noted by Mishra et al. [77]. The predictive superiority of RF, particularly, in SOC mapping is well recognized in the literature [37,40,78,79,80,81]. However, this is not always the case, as shown by Were et al. [74] who reported that SVM outperformed RF in mapping SOCS in Kenya. Similarly, Zhou et al. [76] reported that the boosted regression tree model (BRT) was superior to RF in predicting SOC using satellite imagery and topographic variables. These observations reflect the fundamentally discordant nature of prediction results using ML models, highlighting the importance of focusing on the quality of the prediction data to calibrate the models rather than attempting to find an outright best prediction model.



As noted in this study, the central and northwestern sections of the watershed were predicted to have the highest contents of SOC and SOCS, while almost the entire lower half of the watershed was poor in both. These SOC-rich regions represent areas of comparatively favorable conditions, where the generally low-elevation areas of the watershed feature relatively rich vegetation cover consisting of forest species such as holm oak (Quercus rotundifolia), juniper (Juniperus sp.), Barbary thuja (Tetraclinis articulata), among others. This helps provide potentially favorable conditions for SOCS accumulation and low SOC turnover. High SOCS in forested lands is attributed to minimal soil disturbance and a slow rate of SOC decomposition, resulting in higher SOC accumulation [82]. In addition, natural forests are generally associated with low BD through minimal disturbance, which promotes carbon accumulation and storage [83,84]. In contrast, high-elevation sections characteristic of the southern half of the watershed were predicted to contain the lowest SOCS, which is inconsistent with the general observation of high SOCS content at higher elevations. High SOCS at higher elevations is related to factors such as low temperatures leading to lower SOM decomposition rates; high precipitation leading to rich vegetation cover that promotes organic matter accumulation; and limited disturbance from anthropogenic activities due to inaccessibility [85,86]. However, in the watershed selected for this study, these areas were characterized by limited vegetation with a dominance of thorny xerophytes that are poor in litter, and therefore would account for the predicted low SOCS.



Morocco is characterized by a relatively low SOCS due to a combination of anthropogenic factors and climatic conditions that accelerate soil degradation [87]. This is true for the watershed we studied, which is located in an area conducive to erosion phenomena due to geomorphological and climatic conditions as well as anthropogenic factors [88]. Inappropriate land use, often manifested by the clearing of forest cover for agriculture, accentuates these phenomena, which can lead to the depletion of organic matter and, consequently, of SOC. This results in a loss of soil fertility and a decrease in the soil’s capacity to sequester carbon [41]. The results of this study showed the importance of addressing and monitoring the evolution of SOC in the different LU/LC characterizing the area. Notably, the models in the study showed promising results in accurately predicting SOCS, suggesting that this approach could be useful in promoting sustainable land management in the watershed as well as in other vulnerable regions of the country. The modeling approach using readily available data shows the potential of the approach, and would help policy makers and land managers to make informed decisions on sustainable management of watershed resources, mainly those affecting soils.



Overall, ML provides an intriguing tool for soil studies. Assessing SOCS and their evolution in the region ensures that adequate and appropriate measures are applied to ensure the continued role of soil in carbon sequestration. Nevertheless, these methods have inherent limitations and complexities. As noted in the literature, factors such as predictor selection for modeling have the potential to influence model performance and complexity. For instance, Song et al. [89] and Li et al. [90] noted that soil properties provide better predictors for SOC prediction in small homogeneous areas, while environmental attributes are more influential at a larger and more complex scale. Thus, a comprehensive study of all the steps involved in modeling, including the judicious selection of the most appropriate model inputs, is essential to mitigate these issues.




5. Conclusions


This study aimed to explore the applicability and implication of the ML approach in the prediction and mapping of SOC(S) at the watershed scale in the High Atlas region of Morocco. The type and quality of data were highlighted as vital in the modeling process, where, in particular, combinations of bioclimatic and topographic variables as well as soil properties and remote sensing variables, were shown to greatly improve model performance. RF and Cubist demonstrated the best performance of the four selected models in predicting SOCS. While RF in particular has been very successful in many regions and under several environmental conditions, confirming its reliability and its predictive superiority is not always the case, as some studies show. On this basis, no single predictive model can be considered definitively the best in all circumstances. It is therefore meaningful to focus the approach on finding the most appropriate experimental data that will better calibrate the predictive models for each specific case study rather than searching for the absolute best model. The widely recognized role of LU/LC in impacting SOC dynamics was confirmed in this study, as it was the factor that most influenced the prediction of ML models. The highest SOC levels were predicted in areas where dense and moderately dense forest cover was a dominant feature, while the lowest were predicted in ecosystems characterized by a predominance of bare soil and upland thorny xerophytes that generally reflect forest cover degradation. These results support the need to protect and conserve vegetation cover, particularly natural forests in the region, so that they can fulfill their role in promoting SOC sequestration. The information, including maps resulting from the SOCS prediction, can be used to help identify areas requiring immediate attention for activities (e.g., reforestation) to improve conditions that facilitate SOC storage.
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Figure A1. Variables related to soil properties: (a) BD.0.30: Bulk density (0–30 cm), (b) BD.0.5: Bulk density (0–5 cm), (c) BD.15.30: Bulk density (15–30 cm), (d) BD.5.15: Bulk density (5–15 cm), (e) CEC.0.30: Cation exchange capacity (0–30 cm), (f) CEC.0.5: Cation exchange capacity (0–5 cm), (g) CEC.15.30: Cation exchange capacity (15–30 cm), (h) CEC.5.15: Cation exchange capacity (5–15 cm), (i) CL.0.30: Clay fraction (0–30 cm), (j) CL.0.5: Clay fraction (0–5 cm), (k) CL.15.30: Clay fraction (15–30 cm), (l) CL.5.15: Clay fraction (5–15 cm), (m) CF.0.30: Coarse fraction (0–30 cm), (n) CF.0.5: Coarse fraction (0–5 cm), (o) CF.15.30: Coarse fraction (15–30 cm), (p) CF.5.15: Coarse fraction (5–15 cm). (q) DC.0.30: Carbon density (0–30 cm), (r) DC.0.5: Carbon density (0–5 cm), (s) DC.15.30: Carbon density (15–30 cm), (t) DC5.15: Carbon density (5–15 cm), (u) N.0.30: Nitrogen (0–30 cm), (v) N.0.5: Nitrogen (0–5 cm), (w) N.15.30: Nitrogen (15–30 cm), (x) N.15: Nitrogen (5–15 cm), (y) PH.0.30: pH (0–30 cm), (z) PH.0.5: pH (0–5 cm), (aa) PH.15.30: pH (15–30 cm), (ab) PH.5.15: pH (5–15 cm), (ac) SA.0.30: Sand (0–30 cm), (ad) SA.0.5: Sand (0–5 cm), (ae) SA.15.30: Sand (15–30 cm), (af) SA.5.15: Sand (5–15 cm). (ag) SOC stock.0.30: SOC stock (0–30 cm), (ah) SI.0.30: Silt (0–30 cm), (ai) SI.0.5: Silt (0–5 cm), (aj) SI.15.30: Silt (15–30 cm), (ak) SI.5.15: Silt (5–15 cm). 
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Figure A2. Climate variables: (a) TAVG: Annual mean temperature, (b) DR: Mean diurnal range, (c) ISOTH: Isothermality, (d) TS: Temperature seasonality, (e) TWA: Maximum temperature of warmest month, (f) TCM: Minimum temperature of coldest month, (g) TAR: Temperature annual range, (h) TWEQ: Mean temperature of wettest quarter, (i) TDQ: Mean temperature of driest quarter, (j) TWAQ: Mean temperature of warmest quarter, (k) TCQ: Mean temperature of coldest quarter, (l) PWEM: Precipitation of wettest month, (m) PDM: Precipitation of driest month, (n) PS: Precipitation seasonality, (o) PWEQ: Precipitation of wettest quarter, (p) PDQ: Precipitation of driest quarter. (q) PWAQ: Precipitation of warmest quarter, (r) PCQ: Precipitation of coldest quarter, (s) PR: Annual precipitation, (t) Srad: Solar radiation, (u) TMAX: Maximum temperature, (v) TMIN: Minimum temperature, (w) WVP: Water vapor pressure, (x) WIND: Wind speed. 
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Figure A3. Topographic variables: (a) ASP: Aspect, (b) CURV: Curvature, (c) DEM: Digital elevation model, (d) HS: Hillshade, (e) RN: Roughness, (f) SKV: Skyview, (g) SLP: Slope, (h) SPI: Stream power index, (i) TPI: Topographic position index, (j) TRI: Topographic ruggedness index, (k) TWI: Topographic wetness index, (l) WI: Wetness index. 
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Figure A4. Remote sensing variables: (a) BI: brightness index, (b) DVI: Difference vegetation index, (c) GI: Green index, (d) LST10: Land surface temperature from LANDSAT 8 Band 10, (e) LST11: Land surface temperature from LANDSAT 8 Band 11, (f) MNLVI: Modified non-linear vegetation index, (g) MSR: Modified soil ratio vegetation index, (h) NDVI: Normalized difference vegetation index, (i) NIR: Near-infrared, (j) NLI: Non-linear Index, (k) RDVI: Renormalized difference vegetation index, (l) RED: Red band, (m) SAVI: Soil-adjusted vegetation index, (n) SR: simple ratio, (o) TVI: Transformed vegetation index. 
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Figure A5. Spatial distribution of SOCS calculated from the predicted SOC and BD. 
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Figure 1. Geographic location of the study area. 
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Figure 2. Selected variables’ importance: (a) rf, (b) cub, (c) gbm, (d) rf_b, (e) rf_s, (f) rf_rs, (g) rf_t, (h) rf_bs, (i) rf_brs, (j) rf_bt, (k) rf_st, (l) rf_rst, (m) rf_srs. 
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Figure 3. Error metrics distribution for the prediction models following cross-validation. 
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Figure 4. Predicted absolute error distribution for RF following cross-validation. 
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Figure 5. Model validation parameters based on test data. 
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Figure 6. Distribution of measured versus predicted SOCS: (A) 0–10 cm depth, (B) 0–20 cm depth, (C) 0–30 cm depth; Distribution of residuals versus fit for (D) 0–10 cm depth, (E) 0–20 cm depth, (F) 0–30 cm depth. 
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Figure 7. Taylor diagram rendering the predicted and observed SOCS_0-30. 
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Figure 8. Standardized solar diagram rendering the predicted and observed SOCS_0-30. 
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Figure 9. Spatial distribution of SOC predicted by Cubist and RF. 
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Figure 10. Spatial distribution of SOCS predicted by Cubist and RF. 
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Figure 11. Standard error for RF prediction (SOCS at 0–30 cm depth) using the infinitesimal jackknife function. 
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Table 1. Number of samples collected by type of LU/LC.
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LU/LC

	
Area (%)

	
Number of Samples






	
Irrigated cereals

	
6.64

	
7 × 3




	
Rainfed cereals

	
7 × 3




	
Mixed arboriculture-cereals

	
7 × 3




	
Arboriculture

	
7 × 3




	
Reforestation

	
0.75

	
7 × 3




	
Dense holm oak stands

	
2.74

	
7 × 3




	
Moderately dense holm oak stands

	
6.09

	
7 × 3




	
Open holm oak stands

	
10.03

	
7 × 3




	
Dense Barbary thuja stands

	
0.06

	
7 × 3




	
Moderately dense Barbary thuja stands

	
0.86

	
7 × 3




	
Open Barbary thuja stands

	
1.31

	
7 × 3




	
Moderately dense Juniperus phoenicea stands

	
7.27

	
7 × 3




	
Moderately dense Juniperus oxycedrus stands

	
7 × 3




	
Moderately dense Juniperus thufifera stands

	
7 × 3




	
Open Juniperus phoenicea stands

	
11.28

	
7 × 3




	
Open Juniperus oxycedrus stands

	
7 × 3




	
Open Juniperus thufifera stands

	
7 × 3




	
Forest clearing

	
7 × 3




	
Thorny upland xerophytes

	
45.07

	
7 × 3




	
Cemetery area

	
0.00

	
7 × 3




	
Bare area

	
7.69

	
-




	
Built-up area

	
0.21

	
-




	
Total

	
100.00

	
420
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Table 2. Models and predictors used with forward feature selection.
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	Model
	Used Predictors with FFS
	Abbreviation





	Cubist
	All predictors
	Cub



	GBM
	All predictors
	GBM



	SVM
	All predictors
	SVM



	RF
	All predictors
	rf_all



	RF
	Bioclimatic variables
	rf_b



	RF
	SoilGrids soil variables
	rf_s



	RF
	Remote sensing variables
	rf_rs



	RF
	Topographical variables
	rf_t



	RF
	Bioclimatic and SoilGrids soil variables
	rf_bs



	RF
	Bioclimatic and Remote sensing variables
	rf_brs



	RF
	Bioclimatic and topographic variables
	rf_bt



	RF
	SoilGrids soil variables and topographic variables
	rf_st



	RF
	Remote sensing and topographic variables
	rf_rst



	RF
	SoilGrids soil variables and remote sensing variables
	rf_srs
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Table 3. Statistics of quality for the predicted and observed SOCS_0-30.
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	Models
	ME
	MAE
	RMSE
	R2





	rf_all
	−0.07
	5.33
	7.58
	0.92



	cub
	0.7
	6.43
	8.68
	0.89



	svm
	−0.98
	13.39
	18.29
	0.51



	gbm
	1.29
	7.92
	11.82
	0.79



	rf_b
	−0.01
	6.39
	9.01
	0.89



	rf_s
	0.33
	6.16
	8.49
	0.9



	rf_rs
	−0.86
	7.04
	10.29
	0.85



	rf_t
	0.49
	7.64
	10.38
	0.84



	rf_bs
	−0.7
	6.03
	8.09
	0.91



	rf_brs
	−0.77
	5.78
	8.74
	0.89



	rf_bt
	0.13
	5.59
	7.87
	0.92



	rf_st
	0.17
	6.02
	8.97
	0.9



	rf_rst
	0.18
	5.65
	8.12
	0.92



	rf_srs
	−0.57
	5.78
	8.05
	0.91
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Table 4. Analysis of mean predicted SOCS (0–30) and mean standard error (MSE) by LU/LC type.
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	LU/LC
	Mean Predicted SOCS (t/ha)
	MSE (t/ha)
	MSE/Mean Predicted SOCS Ratio





	Thorny upland xerophytes
	16.62
	3.22
	0.19



	Open holm oak stands
	18.05
	3.31
	0.18



	Dense holm oak stands
	57.27
	3.93
	0.07



	Moderately dense holm oak stands
	50.23
	3.52
	0.07



	Agriculture
	41.19
	4.37
	0.11



	Open juniper stands
	20.26
	3.31
	0.16



	Moderately dense juniper stands
	47.05
	4.22
	0.09



	Reforestation
	25.80
	3.38
	0.13



	Open Barbary thuja stands
	25.04
	3.52
	0.14



	Dense Barbary thuja stands
	67.17
	3.82
	0.06



	Moderately dense Barbary thuja stands
	54.42
	3.91
	0.07
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