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Abstract: Direct measurement of soil arsenic (As) requires complex analytical procedures, 
motivating the development of predictive methods based on readily measurable indicators. This 
study systematically analyzed 50 geochemical indicators using 204 soil samples collected from 69 
sampling sites across a 0–500 cm depth profile in Nenjiang County, Heilongjiang Province. A 
random forest (RF) algorithm was employed to construct a surrogate model for As content using 
routine indicators as inputs. Model performance was validated using an independent test set, five-
fold cross-validation, spatial block cross-validation, and vertical profile comparison plots. The 
results showed: (1) As content was enriched in the surface layer and fluctuated with depth, 
exhibiting vertical differentiation. (2) The RF model achieved a test set R² of 0.68 and RMSE of 
2.21 μg/g, with a cross-validation R² of 0.66±0.05, indicating model stability. (3) Feature 
importance analysis revealed that antimony (Sb) was the best substitute indicator (importance 0.669), 
followed by N, Pb, Mo, and TFe₂O₃; depth contributed negligibly. (4) Comparative plots of typical 
profiles showed high consistency between estimated and measured trends. By using easily 
measurable indicators such as Sb, this model provides a reliable surrogate approach for estimating 
As content in soil profiles, supporting rapid contamination screening and geochemical process 
understanding.
Keywords: Random forest; Soil profile; Arsenic (As); Surrogate model; Antimony (Sb); Nenjiang 
County
1 Introduction
Soil, as the foundation of terrestrial ecosystems, directly affects food security and human health 
through its environmental quality. With intensified industrial and agricultural activities, large 
amounts of heavy metals enter the soil via atmospheric deposition, sewage irrigation, and fertilizer 
application, exacerbating heavy metal pollution(1-5). Soil arsenic (As), owing to its high toxicity 
and strong mobility, has become a focus of environmental geochemistry research . The enrichment 
and migration of As in soil are controlled by various physicochemical processes, including 
adsorption-desorption, oxidation-reduction, organic matter complexation, and coprecipitation, 
which are closely related to iron-manganese oxides, organic carbon, pH, and coexisting elements 
(5-10). Therefore, identifying substitute indicators capable of indicating As geochemical behavior 
and establishing a quantitative relationship with As content is of great significance for understanding 
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As migration and transformation mechanisms, identifying pollution sources, and assessing 
ecological risks(11).
Existing studies have largely focused on topsoil (0–20 cm) content surveys, spatial distribution, and 
pollution assessment. However, heavy metals are not static; under natural leaching, anthropogenic 
disturbance, and biological disturbance, they undergo vertical migration along the soil profile (12-
14). This process not only changes the accumulation degree of heavy metals in the surface soil but, 
more importantly, heavy metals migrating to deeper layers may contaminate groundwater, which 
serves as a crucial drinking water source in many regions, thereby expanding exposure risk and 
affected populations (15, 16). Research by Wang Baoyu et al.(17) found that soil type, nutrient 
content, and heavy metals jointly influence the vertical migration of antibiotic resistance genes in 
the cultivated soil layer. Simulation studies by Wen Ting et al. (18)also demonstrated that extreme 
rainfall significantly promotes the downward migration of heavy metals such as Cu, Zn, Pb, Cr, Cd, 
and Hg in soil, increasing groundwater contamination risk and human health hazards. Therefore, a 
generalizable surrogate model should not be limited to the surface layer but must demonstrate 
applicability across the entire vertical profile (0–500 cm)—that is, the model should robustly capture 
the depth-dependent variation of As, ensuring reliable estimation at different depths using substitute 
indicators.
Although many studies have applied machine learning to predict heavy metal content in soil, most 
focus on topsoil; relatively fewer address deep soil profiles(19-22), and quantitative analysis of the 
drivers controlling heavy metal distribution in deep profiles is particularly lacking (20, 23). 
Additionally, existing research often performs single-element prediction, with insufficient 
exploration of multi-element joint modeling and the impact of collinearity. Among various machine 
learning algorithms, Random Forest (RF) stands out for its excellent performance and robustness 
(24-27). As an ensemble learning algorithm, RF is non-parametric, resists overfitting, handles high-
dimensional nonlinear relationships, and provides built-in feature importance evaluation (28-30).
In view of this, this study takes the soil profile of Nenjiang County, Heilongjiang Province, as the 
research object to construct an RF-based surrogate model for As content estimation. The core 
scientific questions and contributions of this study are: (1) Revealing the optimal substitute 
indicator—quantitatively identifying elements with strong geochemical co-occurrence with As 
through feature importance and exploring the mechanistic basis for their use as "geochemical 
probes"; (2) Validating profile robustness—using typical vertical profile comparison plots to verify 
the effectiveness of the substitution relationship at different depths, demonstrating that it does not 
fail with depth stratification; (3) Providing alternative pathway solutions—in the absence of the 
optimal indicator, leveraging the model's weight redistribution characteristics to construct 
secondary substitute combinations, offering flexible estimation options for different data 
availability scenarios.
The innovations of this study are threefold: First, it focuses on the deep soil profile (0–500 cm), 
systematically revealing the vertical distribution patterns and controlling factors of heavy metals, 
filling a gap beyond surface studies. Second, it employs a multi-element joint modeling strategy, 
systematically comparing the contribution of 50 geochemical indicators to As estimation and 
quantitatively revealing the geochemical co-occurrence relationships among elements. Third, by 
comparing models "with" and "without" the highly collinear feature (Sb), it demonstrates the 
dynamic change in feature importance ranking, deepening understanding of model interpretability 
and providing new ideas for constructing parsimonious and efficient surrogate estimation models.
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2 Materials and Methods
2.1 Study Area and Sample Collection
Samples were collected from Nenjiang County, Heilongjiang Province (Figure 1). The area has a 
typical cold-temperate continental monsoon climate, with black soil and dark brown soil as the main 
soil types, and is an important commercial grain base in China. To systematically investigate the 
vertical distribution of heavy metals in soil, the research team deployed a total of 69 sampling sites 
based on topography, geological conditions, soil type, and land use type, with sampling depths 
covering 0–500 cm. During sampling, mechanical drilling was used to obtain soil cores, and 
stratified sampling was performed according to obvious changes in soil color, texture, structure, and 
other morphological characteristics, ensuring that each sample represented a relatively 
homogeneous soil layer. A total of 204 raw samples were obtained; after data cleaning (handling 
outliers and missing values), 203 valid samples were retained for subsequent analysis. Each sample 
was recorded with detailed starting and ending depths.

Figure 1. Schematic map of sampling sites in the study area
2.2 Chemical Analysis
All soil samples were air-dried, gravel and plant residues were removed, and the samples were 
crushed and passed through a 10-mesh nylon sieve to ensure homogeneity, then weighed and bottled 
for laboratory analysis. Standard chemical analysis methods were used to measure major elements 
(Al₂O₃, CaO, MgO, K₂O, Na₂O, SiO₂, TFe₂O₃, etc., %), trace elements (As, Sb, Pb, Mo, Cd, Bi, 
B, Li, Cr, Cu, Zn, Ni, Mn, etc., μg/g), as well as pH, organic carbon (Corg., %), and total nitrogen 
(N, %). Among the 203 samples, As was not detected in 4 samples (1.97%) and Sb was not detected 
in 7 samples (3.45%). To avoid data loss and ensure statistical continuity, a unified data cleaning 
strategy was adopted: non-detects were replaced with half of the element's detection limit. This 
approach is a common and simple method for handling left-censored data in environmental statistics 
and preserves information to a certain extent.
Sensitivity analysis for non‑detects: To evaluate the potential impact of the treatment of non‑detect 
data on model outcomes, a multiple imputation (MI) sensitivity analysis was performed. 
Specifically, for variables with non‑detect proportions of 1.97% (As) and 3.45% (Sb), the 
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impute_censored function from the R package NADA (based on MCMC sampling from a piecewise 
normal distribution) was used to generate five complete datasets. Each dataset was modeled 
separately, and the average performance metrics were calculated. The results of the MI approach 
were compared with the LOD/2 substitution method (Table 1). The differences in test set R² and 
RMSE between the two strategies were less than 0.03 and 0.15 μg/g, respectively, indicating that 
the treatment of non‑detect data did not introduce significant systematic bias and that the model 
conclusions are robust.
Table 1 Comparison of model performance using different strategies for handling non‑detect data

Strategy Test R² Test RMSE (μg/g) 5-fold cross-validation R²

LOD/2 substitution 0.68 2.21 0.66 ± 0.05

Multiple imputation 
(MI)

0.69 2.18 0.67 ± 0.04

2.3 Data Preprocessing and Feature Selection
Data processing and modeling were performed using Python 3.13. Each geochemical indicator was 
standardized (Z-score standardization) to eliminate the influence of dimensional differences on the 
model. Subsequently, As was excluded from the feature set (to avoid circular validation). A total of 
50 geochemical indicators (including depth) served as feature variables (X), and As content served 
as the target variable (y). Feature importance was computed based on the Mean Decrease Impurity 
(MDI) using the Gini impurity reduction, a method that is intuitive, computationally efficient, and 
widely validated in soil science applications .
2.4 Random Forest Model Construction
To predict soil As content, the random forest regression algorithm was employed. Modeling was 
implemented using the RandomForestRegressor function from the scikit-learn library(31-33).
First, to objectively evaluate model performance, the preprocessed full dataset was randomly split 
into a training set (80%) and a test set (20%), with 162 samples in the training set and 41 samples 
in the test set. A stratified sampling strategy was adopted to ensure that samples from different depth 
intervals had similar distributions in both sets.
Hyperparameter optimization was performed via grid search combined with five-fold cross-
validation on the training set to find the optimal combination. The final key hyperparameters were 
determined as follows:

• Number of decision trees (n_estimators): 200
• Maximum depth (max_depth): 15
• Minimum number of samples required to split an internal node (min_samples_split): 10
• Minimum number of samples at a leaf node (min_samples_leaf): 5
• Random seed (random_state): 42 (fixed for reproducibility)

To assess the potential impact of collinearity among features on model performance and 
interpretability, an additional simplified model was trained for comparison. This simplified model 
excluded the highest-importance feature "Sb", while keeping all other parameters (including 
training/test set split, hyperparameters, random seed, etc.) identical to the original model. By 
comparing the performance difference between the original and simplified models, the marginal 
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contribution of Sb to As estimation was quantitatively assessed, and the automatic reconstruction 
of alternative feature combinations in the absence of Sb was observed.
2.5 Model Validation Strategy
Model prediction performance on the test set was evaluated using two common metrics:
(1) Coefficient of Determination (R²): reflects the proportion of variance in the dependent variable 
explained by the model, typically ranging from 0 to 1, with values closer to 1 indicating better model 
fit.

𝑅2 = 1 ―
𝑛

𝑖=1
  (𝑦𝑖―𝑦𝑖)2

𝑛

𝑖=1
  (𝑦𝑖―𝑦)2

(1)where 𝑦𝑖 is the measured As content (μg/g) of the i-th test sample, 𝑦𝑖 is 

the model prediction, 𝑦 is the mean of measured values, and n is the number of test samples.
(2) Root Mean Square Error (RMSE): measures the average deviation between predicted and 
measured values, with the same unit as As content (μg/g). Smaller RMSE indicates higher prediction 
accuracy. The calculation formula is:

RMSE = 1
𝑛

𝑛

𝑖=1
  (𝑦𝑖 ― 𝑦𝑖)2(2)Feature importance was calculated based on the Mean Decrease 

Impurity (MDI). For the regression task, the impurity at node mm was measured using Mean 
Squared Error (MSE). The importance of feature 𝑋𝑗 in a single decision tree tt was the sum of 
impurity reductions across all split nodes (Equation 3):

𝐼𝑚𝑝𝑡 𝑋𝑗 =
𝑚∈𝑀𝑡

𝛥𝑀𝑆𝐸(𝑚) ⋅ 𝕀(𝑣(𝑚) = 𝑗)(3)where 𝑀𝑡 is the set of all internal nodes in 

tree t, 𝛥𝑀𝑆𝐸(𝑚) is the reduction in MSE before and after splitting at node m, and ， 𝕀
(𝑣(𝑚) = 𝑗) is an indicator function. The overall feature importance for the entire random forest 
(comprising T trees) was the average across all trees (Equation 4), and the sum of importances of 
all features equals 1.

𝐼𝑚𝑝 𝑋𝑗 = 1
𝑇

𝑇

𝑡=1
𝐼𝑚𝑝𝑡 𝑋𝑗 (4)This impurity-based importance metric is intuitive and 

computationally efficient, having been validated in numerous soil science applications.
Considering the potential spatial autocorrelation among soil samples, a spatial block 5‑fold 
cross‑validation was additionally performed to avoid overestimation of model performance. 
Specifically, based on the longitude and latitude coordinates of the sampling sites, the study area 
was divided into five spatially contiguous regions (blocks) using k‑means spatial clustering. Each 
block in turn served as the test set while the remaining blocks served as the training set. This strategy 
evaluates the model’s extrapolation ability to unsampled spatial locations. The spatial block 
cross‑validation yielded an average R² of 0.60 ± 0.07, which is lower than that of random CV (0.66 
± 0.05), indicating that the model is somewhat sensitive to spatial structure but still possesses 
acceptable predictive ability (R² > 0.6) in unsampled areas. This result suggests that caution should 
be exercised when extrapolating the model to regions with different geological backgrounds, and 
local calibration may be necessary.
2.6 Software Tools
The software tools used in this study included: Python 3.13 as the main programming platform; the 
pandas library for data cleaning and organization; the numpy library for numerical calculations; the 
scikit-learn library for building the random forest model, hyperparameter optimization, performance 
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evaluation, and feature importance calculation; and the matplotlib library for plotting and 
visualization of results.
3 Results
3.1 Vertical Distribution Characteristics of Soil As Content
Analysis of the 203 valid samples showed that soil As content in the study area exhibited distinct 
vertical differentiation across the 0–500 cm profile (Figure 2). Overall, As content was relatively 
high in the surface layer (0–50 cm), with an average of approximately 12.5 μg/g. As depth increased 
to about 100 cm, As content showed a decreasing trend, with the average dropping to about 8.2 
μg/g. In deeper layers below 100 cm, As content displayed some fluctuation, with relatively high 
values occurring in certain horizons (e.g., 200–250 cm and 350–400 cm), possibly related to paleo-
sedimentary interfaces or changes in redox conditions caused by groundwater level fluctuations. 
This distribution pattern may be driven by the following mechanisms: surface enrichment due to 
parent material weathering and atmospheric deposition input; downward migration of As with 
percolating water in the middle eluvial horizon; and deep fluctuations reflecting heterogeneity of 
parent materials from different geological periods or As reprecipitation due to reductive dissolution 
of iron-manganese oxides(34, 35).

Figure 2. Vertical distribution characteristics of arsenic (As) concentration in the soil profile
3.2 Model Prediction Performance Evaluation
The prediction performance of the constructed random forest model for soil As content on the test 
set is shown in Figure 3. The original model including all 50 features achieved a coefficient of 
determination R² of 0.680 and an RMSE of 2.21 μg/g on the test set. Figure 3a presents a scatter 
plot of measured versus predicted As content for the test set samples. Most data points are evenly 
distributed near the 1:1 ideal prediction line, indicating that the model exhibits no systematic 
overestimation or underestimation, and prediction performance is good.
In contrast, the simplified model retrained after removing the feature Sb (Figure 3b) showed a clear 
decline in performance. The simplified model's R² dropped to 0.573, and RMSE increased to 2.55 
μg/g. Compared with the original model, R² decreased by about 16% (absolute difference of 0.11), 
and RMSE increased by 0.34 μg/g. This comparative result clearly indicates that the feature Sb 
plays a crucial role in predicting soil As content.
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a. Scatter plot of measured vs. predicted As content for the full model; b. Scatter plot for the 
simplified model after removing Sb

Figure 3. Scatter plot of measured vs. predicted soil arsenic content based on the original random 
forest model

3.3 Feature Importance Analysis (Full Model)
To understand which geochemical indicators contributed most to As content in the soil profile, we 
analyzed the feature importance ranking from the full model. Figure 4 shows the top 15 features by 
importance and their scores. The results reveal a single-factor dominant pattern: the importance of 
Sb reached as high as 0.669, far exceeding all other features, indicating that Sb is a "super" substitute 
indicator for predicting As content. The remaining features had relatively dispersed importance 
scores: N (0.069), Pb (0.042), Mo (0.025), TFe₂O₃ (0.023), Cd (0.021), Tc (0.014), B (0.014), Corg. 
(0.014), Bi (0.014). Notably, the other 40 features, including sampling depth, all had importance 
below 0.013, contributing negligibly to the model. This result conveys an important message: in the 
0–500 cm soil profile, the vertical distribution of As is not determined by depth itself, but is jointly 
controlled by elements geochemically co-occurring with As (especially Sb) and indicators reflecting 
soil physicochemical properties (such as N, organic carbon, and iron oxides).

Figure 4. Top 15 features by importance in the full random forest model
3.4 Feature Importance of the Simplified Model (Without Sb)
After removing the dominant factor Sb, the feature importance ranking of the simplified model 
changed significantly (Figure 5). Under the new model framework, Pb (0.191), N (0.166), and Bi 
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(0.162) became the three most important factors, with very close importance scores. These were 
followed by Mo (0.085), B (0.061), Tc (0.059), Corg. (0.043), TFe₂O₃ (0.032), Li (0.027), and Se 
(0.016). This result indicates that in the absence of Sb, the model relies on a secondary feature 
combination consisting of Pb, N, and Bi for prediction. This weight redistribution behavior reflects 
the adaptability of the random forest model: when a strongly collinear feature is removed, other 
correlated features automatically share the predictive responsibility. This finding has important 
practical implications: in situations where Sb cannot be measured (e.g., due to instrument limitations 
or insufficient sample quantity), routine indicators such as Pb, N, and Bi can serve as a secondary 
substitute scheme. Although estimation accuracy declines (R² from 0.68 to 0.57), it remains 
acceptable for preliminary screening needs.

Figure 5. Top 15 features by importance in the simplified random forest model (without Sb)
3.5 Comparison of Measured and Estimated Values in Vertical Profiles
To visually test the model's ability to represent the vertical distribution of As, three representative 
sampling points were selected from the independent test set, representing three different vertical 
distribution patterns: (1) Shallow high-value type (Point A): As content was significantly higher in 
the surface layer (0–30 cm) than in deeper layers, showing typical surface enrichment; (2) Mid-
depth fluctuation type (Point B): distinct fluctuations in As content occurred within the 50–150 cm 
depth interval, possibly related to eluviation-illuviation processes or groundwater level fluctuations; 
(3) Deep stable type (Point C): As content below 300 cm varied gently with a small coefficient of 
variation, reflecting a relatively stable geochemical environment.
Figure 6 shows line charts comparing measured As content and model-estimated As content as a 
function of depth for these three typical points. It is clear from the figure that the estimated values 
(orange square-dotted line) follow the trend of the measured values (blue circle-solid line) well, 
especially at depths where As content changes abruptly (e.g., surface enrichment zone, 80–120 cm 
eluvial horizon, deep fluctuation zone), the response is fairly accurate. For example, in the mid-
depth fluctuation zone of Point B, the model successfully captured the rising and falling trends of 
the measured values, and although there were some deviations in absolute values at individual 
depths, the overall pattern showed high consistency. This visual validation further enhances the 
credibility of the surrogate model, indicating that the model not only achieves good overall statistical 
metrics (R², RMSE) but also reproduces vertical details, making it suitable for rapid estimation of 
As content in deep soil profiles.
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Figure 6. Line chart comparing measured and estimated As vertical profiles for three typical 
points

(Left: shallow high-value point; Middle: mid-depth fluctuation point; Right: deep stable point)
3.6 SHAP‑Based Model Interpretability Analysis
To further reveal the direction of contribution, nonlinear effects, and key interactions of each 
feature on As content prediction, the SHAP (SHapley Additive exPlanations) method was applied 
to interpret the random forest model. The SHAP value represents the marginal contribution of 
each feature to the prediction of an individual sample (in μg/g).
Fig. 7a presents the distribution of SHAP values for all features on the test set (global summary 
plot). The following observations can be made: (1) Dominant role of Sb: Sb exhibits the widest 
range of SHAP values (approximately –4.0 to +8.0 μg/g), and for the vast majority of samples, the 
SHAP value of Sb is positive, indicating that an increase in Sb content almost invariably leads to 
an increase in predicted As content. This result confirms from a directional perspective the 
reliability of Sb as the optimal substitute indicator. (2) Dual roles of nitrogen (N) and total iron 
(TFe₂O₃): N shows both positive and negative SHAP contributions, suggesting that its effect on 
As mobilization is environment‑dependent—negative contributions at low N levels (possibly 
reflecting a dilution effect) and positive contributions at high N levels (possibly related to organic 
complexation promoting As release). The SHAP values of TFe₂O₃ are mostly positive and 
relatively concentrated, consistent with the classical understanding that iron oxides are the primary 
adsorption carriers for As. (3) Unexpectedly high contribution of boron (B): The mean absolute 
SHAP value of B is second only to that of Sb, and its SHAP values are predominantly positive. 
This may be related to competitive adsorption between borate and arsenate oxyanions in soil 
solution, or it may reflect a common parent material source (e.g., tourmaline weathering).
Fig. 7b shows the SHAP dependence plot for Sb (colored by N). The results reveal a clear 
threshold effect: when the standardized Sb value is less than –1 (corresponding to an original Sb 
content of approximately <1.5 μg/g), its SHAP value is close to zero or negative; when the Sb 
value exceeds 0 (approximately >2.5 μg/g), the SHAP value increases rapidly. Moreover, samples 
with high N (red points) tend to have higher SHAP values for the same Sb value, indicating a 
positive synergy between N and Sb in predicting As – i.e., in organic‑rich environments, the As 
migration risk indicated by Sb is higher.
Fig. 7c presents the ranking of mean absolute SHAP values. Compared with the Gini 
impurity‑based MDI importance (Fig. 4), both methods place Sb as the top feature, but the SHAP 
ranking shows more balanced importance for features such as B, TFe₂O₃, Mo, Pb, and V. 
Notably, depth does not enter the top 15 in either ranking, consistent with the MDI conclusion. 
This comparison further validates the robustness of the model interpretation.
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Figure 7 presents the global SHAP analysis.(a)SHAP Summary Plot for Soil Arsenic 
Prediction.(b)SHAP Dependence Plot: Sb (colored by N).(c) Mean absolute SHAP value feature 

importance
Local interpretation: Three representative samples (a shallow high‑value point, a deep stable point, 
and the point with the largest prediction error) were selected to generate SHAP waterfall plots 
(Fig. 7d–f). Fig. 7d (shallow high‑value point) shows that Sb contributes predominantly (+4.2 
μg/g), followed by Mn, Zr, and Na₂O, jointly driving the high As prediction, consistent with 
surface enrichment characteristics. Fig. 7e (deep stable point) shows that all features have small 
SHAP values (absolute values <0.5 μg/g) and positive and negative contributions cancel each 
other out, resulting in a prediction close to the baseline value, reflecting the relative geochemical 
homogeneity of the deep environment. Fig. 7f (largest prediction error point) shows that the model 
significantly underestimates the measured As (underestimation of approximately 6 μg/g). The 
main reason is that the model fails to capture the unusually high synergistic effect of sulfur (S) and 
antimony (Sb) in this sample (their SHAP contributions are underestimated), suggesting the 
existence of a sulfidation oxidation process that is not fully characterized in this horizon.

In summary, the SHAP analysis not only quantitatively confirms the ranking of feature importance 
but also reveals for the first time the threshold effect of Sb (≈2.5 μg/g) and its synergistic 
interaction with N, greatly improving model interpretability and practical applicability.

Figure 8 displays SHAP waterfall plots for three distinct soil profile samples: (d) a shallow 
high‑As point (depth 45 cm, observed 14.8 μg/g, predicted 13.2 μg/g); (e) a deep stable point 

(depth 412 cm, observed 4.1 μg/g, predicted 3.7 μg/g); and (f) the point with the largest prediction 
error

4 Discussion
4.1 Effectiveness of the Surrogate Model and Integrated Interpretation of Validation Results
The random forest surrogate model developed in this study achieved an estimation accuracy of 
R²=0.68 and RMSE=2.21 μg/g on the independent test set. Moreover, the average R² from five-fold 
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cross-validation (0.66±0.05) was highly consistent with the independent test results, indicating that 
the model has good stability and generalization ability, without overfitting. Compared with similar 
studies, this result falls within a reasonable range. For instance, Tan et al. (36, 37) and Zhou et al. 
(38-40) achieved good performance using RF with hyperspectral data for heavy metal estimation. 
Nie et al.  used an RF model to predict soil heavy metal content in an eastern coastal city, achieving 
an explanatory power of 61.2% for As, which is close to the results of this study. Furthermore, Jia 
and Hou (41-43) successfully mapped soil As pollution at a brownfield site using satellite 
hyperspectral imagery and machine learning. Compared with these studies, the unique contribution 
of our model lies in its use of routine geochemical indicators rather than hyperspectral remote 
sensing data, making input features more accessible, and its focus on the deep soil profile (0–500 
cm), filling a gap in vertical estimation research.
The migration and transformation of soil As are controlled by multiple interacting physicochemical 
processes, such as adsorption, desorption, redox, complexation, and precipitation, which are closely 
related to soil pH, iron-manganese oxide content, organic matter, etc. These factors exhibit complex, 
nonlinear threshold effects and interactions with As (44, 45), making it difficult for traditional linear 
models to accurately capture such complex relationships. In contrast, the RF model, through the 
ensemble of multiple decision trees, can automatically learn and fit these high-order, nonlinear 
relationships, thereby achieving superior prediction performance (46, 47).
4.2 Geochemical Mechanism of Antimony as the Optimal Substitute Indicator
Feature importance analysis revealed that Sb scored 0.669, far ahead of others. This result is not 
accidental but has a profound geochemical basis. As and Sb belong to the same Group 15 
(pnictogens) and are vertically adjacent in the periodic table, possessing similar electronic 
configurations (ns²np³) and ionic radii. In nature, As and Sb often coexist as chalcophile elements 
in hydrothermal sulfide deposits (7, 48-50). During weathering, sulfide minerals are oxidized and 
decomposed, simultaneously releasing As and Sb into the soil solution, where they exist as 
oxyanions. These oxyanions exhibit similar adsorption affinities and competitive adsorption 
behavior toward soil iron-manganese oxides, organic matter, and clay minerals (51-54). Therefore, 
the full-chain paragenetic relationship from mineral source to supergene carrier makes Sb a "natural 
probe" for the parent material background of As (55-58). This study quantitatively confirms this 
through random forest feature importance, providing statistical evidence for using Sb as a proxy for 
As analysis in similar geological settings.
Furthermore, Sb itself is also an environmental pollutant; although its toxicity is lower than that of 
As, it still poses a threat to ecosystems at high concentrations (59-61). The findings of this study 
suggest that in regional environmental surveys, if abnormally high soil Sb content is detected in an 
area, even without direct As measurement, there should be high vigilance for potential As 
exceedance risk. This strong coupling between element pairs can be applied in geochemical 
exploration and pollution source apportionment (62).
4.3 Synergistic Roles of Other Auxiliary Substitute Indicators and Depth Effect
In addition to Sb, features such as N, Pb, Mo, TFe₂O₃, and Corg. also contribute to prediction ability, 
reflecting the geochemical processes controlling the vertical distribution of As from different 
perspectives:
Nitrogen (N) and organic carbon (Corg.): Soil total nitrogen is highly coupled with organic carbon, 
and together they reflect the content and nature of soil organic matter. Organic matter has a dual 
effect on As: on the one hand, dissolved organic matter such as humic substances can increase As 
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concentration in the soil solution through complexation, promoting its vertical migration; on the 
other hand, oxygen consumption during organic matter decomposition can create local reducing 
microenvironments, promoting the reduction of As(V) to As(III), which generally has a lower 
affinity for iron oxides than As(V) (63, 64). Additionally, long-term agricultural inputs may 
introduce As impurities, making N a composite proxy variable for both natural pedogenic processes 
and anthropogenic agricultural activities.
Lead (Pb): The high contribution of Pb points to the importance of anthropogenic inputs. In 
industrial or traffic-dense areas, As and Pb often coexist in coal combustion, vehicle exhaust, and 
industrial dust . Atmospheric dry and wet deposition leads to their simultaneous enrichment in 
surface soil, followed by downward migration with hydrological processes. Therefore, anomalously 
high Pb content may indicate composite anthropogenic pollution in the area.
Molybdenum (Mo) and total iron (TFe₂O₃): Mo and As share structural similarities (both are 
tetrahedral oxyanions). Under oxidizing conditions, Mo can compete with As for adsorption sites 
on iron oxide surfaces; thus, changes in Mo content can indirectly reflect the adsorption saturation 
of As (65, 66). Although total iron is classically considered the primary adsorption carrier for As, 
its importance is relatively lower (5th) in this model. One possible explanation is that the role of 
iron oxides is already expressed indirectly through indicators such as As-Sb-Fe complexes or 
competing ions (e.g., Mo), a phenomenon of "information dilution" common in multivariate 
regression analysis (67, 68).
A particularly noteworthy observation is that the depth variable did not enter the top 20 important 
features. This "depth failure" result has important methodological implications. In the 0–500 cm 
soil profile, the fundamental drivers controlling the vertical distribution of As are not the geometric 
parameter "depth" but rather the physicochemical processes occurring within that depth interval, 
such as adsorption-desorption equilibria, redox gradients, organic matter decomposition, and 
coprecipitation (69). Depth is essentially a proxy variable; its predictive information has been fully 
absorbed by soil physicochemical properties and element paragenetic combinations. Therefore, in 
actual site investigations, blindly increasing sampling depth without simultaneously measuring key 
process indicators is unlikely to significantly improve the ability to predict deep contamination risk. 
Priority should be given to conducting vertical profile analysis of key geochemical indicators and 
constructing process-mechanism-based estimation models.
4.4 Model Limitations and Future Research Directions
This study has the following limitations: (1) The data come from only a single geological setting 
(Nenjiang region); the generalizability of the model to different parent materials, climatic zones,and  
land use types remains to be validated.  (Ma et al., 2024; Han et al., 2025). (2) The LOD/2 
substitution for non‑detect data may introduce systematic bias, although the multiple imputation 
sensitivity analysis indicates that the impact is limited. (3) The model inputs are limited to measured 
chemical indicators and do not incorporate spatial covariates such as remote sensing or topographic 
data, limiting regional extrapolation (70). Future work can be deepened in three aspects: first, 
collecting multi-regional profile data to build a general predictive model (71); second, introducing 
methods such as SHAP to reveal nonlinear threshold effects of features (72); third, exploring 
transfer learning strategies to adapt the model to different scenarios. (4) Spatial generalization 
ability has not been systematically validated – spatial block cross‑validation shows that the model 
has acceptable extrapolation performance within the region (R² = 0.60), but cross‑regional 
transferability to different geological backgrounds still requires multi‑region data. (5) Treatment of 
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non‑detect data could be further improved; future studies could adopt Bayesian censored regression 
models (e.g., left‑censored Gaussian processes in the Brms package) to further reduce uncertainty.
Future work will focus on three aspects: First, collecting soil profile data from 2–3 additional 
regions with different geological backgrounds (e.g., southern red soil regions, the Loess Plateau) to 
conduct external validation. Second, exploring transfer learning strategies, using a model pre‑trained 
on the source region (Nenjiang) and fine‑tuning it with a small number of samples from target 
regions to adapt to new geological conditions. Third, integrating remote sensing spectral indices 
(e.g., Sentinel‑2 band reflectances, iron indices) and topographic factors (TWI, slope) as spatial 
covariates into the model, constructing a hybrid “chemical + spatial” model to further improve 
regional extrapolation ability.
4.5 Environmental Implications and Application Prospects
The model constructed in this study is not merely a prediction tool; more importantly, it 
quantitatively reveals the geochemical co-occurrence relationship between As and elements such as 
Sb, providing new ideas and methods for environmental management. First, the model can serve as 
a rapid screening tool. Traditional soil As analysis requires complex sample pretreatment and 
expensive instruments (e.g., atomic fluorescence spectrometer, ICP-MS). Through this model, by 
measuring a set of relatively routine or low-cost indicators (especially Sb, if measurement costs 
allow), As content can be rapidly estimated using the RF model, significantly reducing the cost and 
time of large-scale surveys (73). Second, the identified key factors can serve as pollution indicator 
indicators. For example, finding abnormally elevated Sb and Pb content in soil suggests a high risk 
of As contamination in the area, which could be traced back to potential industrial activities such as 
smelting and chemical plants (74, 75). Finally, the methodological framework of this study is highly 
transferable. This approach is applicable not only to As but also to the prediction and source tracing 
of other heavy metal pairs with strong paragenetic relationships (e.g., Cd with Zn, Cu with Mo). 
This research paradigm of "machine learning + geochemical co-occurrence" provides solid technical 
support for future multi-target, multi-scale soil environmental quality assessment and risk 
management (76, 77).
5 Conclusions
(1) This study successfully constructed a random forest‑based surrogate model for estimating As 
content in soil profiles. Using easily measurable indicators such as Sb, N, and Pb as inputs, the 
model achieved a test set R² of 0.68 and RMSE of 2.21 μg/g, with a five‑fold cross‑validation R² of 
0.66 ± 0.05, indicating that the model is stable, reliable, and not overfitted.
(2) Antimony (Sb) is the most important predictor of As content, with an importance score as high 
as 0.669. This stems from the geochemical characteristics of both elements belonging to Group 15, 
their similar chemical behavior, and their close co‑occurrence in supergene environments, 
supporting the use of Sb as a geochemical “probe” for As.
(3) In addition to Sb, factors such as N, Pb, Mo, TFe₂O₃, and Corg. also play important roles in As 
migration and accumulation. They form a geochemical network that controls the vertical distribution 
of As from multiple dimensions, including organic matter complexation, anthropogenic input, and 
iron oxide adsorption.
(4) Depth contributed negligibly to As prediction, indicating that the dominant factors controlling 
As distribution in the soil profile are geochemical reactions and processes (e.g., 
adsorption‑desorption, redox) rather than the simple physical depth effect.
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(5) After removing Sb, model prediction ability declined (R² dropped to 0.57), but Pb, N, and Bi 
became the new dominant factors, still providing predictive value. This model offers a new technical 
reference for rapid assessment of As contamination risk in soil profiles and identification of 
potential pollution sources, demonstrating the central value of geochemical co‑occurrence 
relationships in environmental modeling.
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