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Abstract 

To address the current issues in soil organic carbon (SOC) content prediction where data 
preprocessing relies on expert experience to formulate fixed rules, resulting in a lack of 
uniform standards and insufficient consideration of regional soil heterogeneity; while 
hyperparameter tuning faces problems of high computational costs and excessively long 
runtimes, this study proposes an intelligent modeling workflow driven by Large Lan-
guage Models (LLM). This workflow focuses on optimizing two key aspects of SOC 
Random Forest modeling: data preprocessing and hyperparameter tuning. Results: The 
LLM-defined rules achieved sample retention rates of 55.33% and 61.90% in the two re-
gions, respectively, showing more significant differences compared to traditional 
hard-coded rules (56.2% and 59.3%), and the mean soil organic carbon content deviations 
(30.27% and 20.05%) were both lower than those of traditional hard-coding. At the same 
time, the mean soil organic carbon content values in both regions closely matched the 
effectiveness of other methods, indicating that the large language model has effectively 
captured regional soil differences. With only a single evaluation of hyperparameter op-
timization, the adaptive model achieved test set R2 values of 0.394 and 0.694 in the black 
soil region and the aeolian sandy soil region, respectively, with root mean square error 
values of 8.76 g/kg and 6.07 g/kg—its performance is comparable to that of Grid Search 
and Random Search, while computational efficiency improved by over 95%. Performance 
comparisons with eXtreme Gradient Boosting (XGBoost) and Partial Least Squares Re-
gression (PLSR) show that the LLM-optimized Random Forest achieved R2 = 0.394 and 
RMSE = 8.76 g/kg in the black soil region, and R2 = 0.694 and RMSE = 6.07 g/kg in the 
windblown sandy soil region, demonstrating practical application value. 

Keywords: soil data preprocessing; LLM; hyperparameter tuning; random forest;  
regional adaptability 
 

1. Introduction 
Soil organic carbon (SOC), as the major component of the soil carbon pool, is not 
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only a key indicator of soil fertility but is also closely related to the severity of soil deser-
tification [1]. Previous domestic and international studies have shown that SOC acts as a 
“glue” for soil particles: abundant SOC helps bind soil particles into stable aggregate 
structures [2]. At the same time, due to its strong water-holding capacity, SOC can effec-
tively enhance the drought resistance of soils and support the healthy growth of vegeta-
tion communities [3]. The well-developed root systems of vegetation further improve soil 
stabilization capacity. Therefore, SOC content is one of the effective indicators for as-
sessing the degree of soil desertification. Accurately uncovering the relationship between 
SOC content and environmental factors to enable quantitative prediction has become an 
important research direction, and ensuring the correctness and rationality of data pre-
processing methods in this process is also crucial. With the rapid development of artifi-
cial intelligence, machine learning algorithms have been widely applied to SOC estima-
tion studies. For example, Mansur and Abbod trained various machine learning models 
using the RGB values of soil samples, thereby achieving effective estimates of soil organic 
matter content [4]; Beisekenov et al. combined remote sensing data with various machine 
learning models to monitor soil organic carbon in conservation agriculture systems, 
emphasizing the importance of model performance comparisons and environmental 
covariates [5]. However, current SOC estimation research still faces several problems: 
Traditional data preprocessing typically relies on expert experience to define fixed rules 
and thresholds for a study area, yet expert knowledge lacks unified standards and often 
fails to fully consider soil–environment heterogeneity across regions, making it easy to 
excessively discard valid data during preprocessing and thereby reducing model accu-
racy [6,7]. Meanwhile, during the development of SOC content estimation models, hy-
perparameter tuning usually requires extensive computational resources through re-
peated searches, leading to high computational cost and long runtime [8–10]. 

With the continued advancement of artificial intelligence, large language models 
(LLMs) have been widely used due to their strong capabilities in language processing 
and rule generation. At present, the intersection of LLM and the carbon domain mainly 
focuses on carbon emissions [11–13], carbon capture [14,15], and carbon footprints 
[16,17], while applications to SOC remain relatively scarce. As a deep learning model 
trained on massive text corpora, an LLM essentially forms a parameterized knowledge 
system by learning from large-scale information sources and then draws on this internal 
knowledge to generate new textual responses to user queries. This implies that LLM can 
respond to diverse questions flexibly. Accordingly, this study considers introducing 
LLM-based methods into SOC data preprocessing and hyperparameter tuning, aiming to 
provide adaptive processing standards for datasets from different regions and to gener-
ate hyperparameter combination schemes informed by broad literature knowledge. 

This study focuses on the black soil region and the windblown sandy soil region. 
The black soil region, although generally characterized by relatively high SOC content, 
still faces desertification risk; the windblown sandy soil region, due to its arid climate 
with low precipitation, has lower SOC content and more prominent desertification 
problems [18]. Using these two regions as study areas can better highlight how SOC re-
sponds under contrasting environmental conditions. Taking these two regions as the re-
search objects, this study aims to address the following questions: Can an LLM generate 
region-specific, well-adapted data preprocessing rules for different regions? When an 
LLM intelligently recommends differentiated random forest hyperparameter combina-
tions for different regions, how do its efficiency and performance compare with tradi-
tional approaches? Do models built by LLM-optimized random forest hyperparameters 
meet the need for regional land/soil differentiation, and how is their performance across 
regions? 
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The structure of this study is as follows: Section 1 discusses the importance of soil 
organic carbon prediction, the specific research questions, and the latest research pro-
gress in this field, both domestically and internationally. Section 2 presents the research 
roadmap for this study. Section 3 describes the study area, data sources, and research 
methods. Section 4 analyzes the experimental results and compares the performance of 
methods based on large language models (LLMs) with those using traditional 
hard-coding, isolated forests, grid search, random search, XGBoost, and partial linear 
regression (PLSR). Section 5 summarizes the research findings and outlines future re-
search directions. 

2. Research Roadmap 
This paper leverages the decision-making capabilities of large language models. The 

workflow aims to improve the automation level and regional adaptability of traditional 
SOC preprocessing methods and random forest hyperparameter tuning. The overall re-
search framework is shown in Figure 1. 

 

Figure 1. Overall research framework. 

In this study, the Chinese National Soil Organic Carbon Density Dataset (2010–
2024), Version 9, was divided according to the boundaries of the Black Soil Region (40–
53° N, 115–135° E) and the Wind-Sand Region (37–53° N, 97–115° E). The selected fea-
ture variables included sand, silt, and clay; the Normalized Difference Vegetation Index 
(NDVI); monthly mean temperature (MAT); and annual mean precipitation (MAP). The 
auxiliary variable was latitude and longitude, and the target variable was soil organic 
carbon (SOC). This study designed a series of comparative experiments around key 
stages of model development: during the data preprocessing stage, the effectiveness of 
traditional hard-coding, intelligent preprocessing methods based on large language 
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models, and isolated forest anomaly detection algorithms in handling soil data was 
compared; during the model optimization stage, three strategies—grid search, hyperpa-
rameter optimization based on large language models, and random search—were ap-
plied to the random forest model to explore the decision-support capabilities of large 
language models in model configuration; In the model validation phase, multi-model 
comparison experiments were conducted to evaluate the predictive performance and 
transferability of Extreme Gradient Boosting (XGBoost), large language model-based 
Random Forest, and Partial Least Squares Regression (PLSR) across two soil regions. 

3. Materials and Methods 
3.1. Study Area and Data Sources 

3.1.1. Study Area 

The study area focuses on two regions in Northeast China that differ markedly in 
climate and soil characteristics: the black soil region and the windblown sandy soil re-
gion. The black soil region spans 40°–53° N and 115°–135° E [19], while the windblown 
sandy soil region spans 37°–53° N and 97°–115° E [20]. Latitude and longitude were used 
to delineate the two regional datasets rather than traditional administrative boundaries 
because this study investigates relationships between the soil environment and SOC and 
builds predictive models accordingly. Administrative divisions are human-defined and 
can place samples from contrasting environmental conditions into the same region, 
leading to mixed samples that may obscure true associations and compromise scientific 
rigor [21,22]. In contrast, a latitude–longitude-based delineation can more precisely cap-
ture relatively homogeneous natural regions, avoiding these issues. This provides a 
more reliable data foundation for modeling and also offers theoretical support for future 
desertification control across administrative boundaries. 

The black soil region is a typical representative black soil area in China, character-
ized by a mild climate and humid, rainy conditions. These climatic features contribute to 
the high-carbon nature of soils in this region. Its soil types consist mainly of black soil 
(70%), supplemented by chernozem-like soils (20%) and meadow soils (10%). The wind-
blown sandy soil region exhibits typical arid conditions with low precipitation and 
sparse vegetation, which in turn shape its low-carbon soil characteristics. Its soil types 
are dominated by aeolian sandy soil (62%), followed by chestnut soil (28%) and brown 
calcareous soil (10%). The distribution of sampling sites in the dataset is shown in Figure 
2. 

 

Figure 2. Spatial distribution of sampling sites in the dataset. 
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3.1.2. Data Sources 

The soil organic carbon density (SOCD) data used in this study were obtained from 
the national China Soil Organic Carbon Density dataset released by Chen et al. in 2025 
[23]. Using the latitude–longitude bounds and the surface soil depth (0–20 cm) [24], a 
total of 797 samples from the black soil region and 609 samples from the windblown 
sandy soil region were selected. Key metrics from the dataset are shown in Table 1. 

Table 1. Description of variables in the dataset. 

Variable Category Variable Name Definition/Role Variable Type 
Core variables—feature 

variables 
Sand Sand/gravel content; soil texture indicator Numeric (%) 

 Silt Silt content; soil texture indicator Numeric (%) 
 Clay Clay content; soil texture indicator Numeric (%) 

 NDVI 
Normalized Difference Vegetation Index; indicates 

vegetation cover 
Numeric (unitless) 

 MAT Mean annual temperature; climatic factor Numeric (°C) 
 MAP Mean annual precipitation; climatic factor Numeric (mm) 

Core variables—target 
variable 

SOC (g/kg) Soil organic carbon content; model prediction target Numeric (g/kg) 

Auxiliary variables latitude 
Latitude; used to delineate the black soil region and 

windblown sandy soil region 
Numeric (°N) 

 longitude 
Longitude; used to delineate the black soil region 

and windblown sandy soil region 
Numeric (°E) 

3.2. Data Preprocessing Methods 

This study compares three data preprocessing approaches: traditional hard-coded 
rules, Isolation Forest, and an LLM-based method. Each approach is used to preprocess 
the data, including three main steps—data standardization [25], missing-value imputa-
tion [26], and outlier detection [27]—to prepare the dataset for subsequent analyses. 

3.2.1. Traditional Hard-Coding 

This approach relies on authoritative domain expertise and historical literature to 
establish fixed preprocessing rules and threshold values for data cleaning. The proce-
dure is as follows: 

Data standardization: Traditional hard coding conducts data standardization in 
several steps. Non-numeric characters are removed, including invalid symbols such as 
percent signs, parentheses, and spaces in both feature variables and the target variable. 
The cleaned string data are converted to numeric values; any entries that cannot be con-
verted are set to NaN. The data types of all variables are checked to ensure they are 
suitable for computation. 

Missing-value imputation: For missing values in numeric variables in both regions, 
imputation is performed using a global measure of central tendency; for missing values 
in categorical variables, the most frequent category is used. 

Outlier handling: Fixed rules and thresholds are defined based on authoritative ex-
pert knowledge and historical literature. For the black soil region and the windblown 
sandy soil region, region-specific upper and lower SOC thresholds are set, and samples 
with SOC values outside these thresholds are removed. 

3.2.2. Isolation Forest 

This approach follows the principle of “few and different,” moving away from 
predefined threshold settings for data preprocessing [28]. The workflow is as follows: 
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Data standardization: Because the dataset contains multiple types of numeric data, 
the primary goal is to ensure valid, interference-free data formats. Feature scaling opera-
tions such as Z-score standardization or Min–Max normalization are not required, be-
cause Isolation Forest isolates anomalies by randomly partitioning features and evaluat-
ing the degree to which a sample is isolated from others. It does not depend on the ab-
solute magnitudes of feature values; therefore, feature scaling is unnecessary. 

Outlier detection: After standardization, key features that are closely related to SOC 
are selected and fed into the Isolation Forest model. Isolation Forest constructs multiple 
decision trees to “isolate” samples; outliers, because they are rare and clearly different 
from normal observations, tend to be separated quickly and end up in leaf nodes at 
shallow depths, thus being distinguished from normal samples. 

Outlier removal: After training, an anomaly score is computed for each sample. 
Scores closer to 1 indicate that a sample is more likely to be an outlier. The anomaly 
score is calculated as follows: 

s(x, n) = 2�−
E|h(x)|
c(n) �.  

Here, (h(x)) denotes the path length of sample (x) in a decision tree, i.e., the number 
of edges from the root node to the leaf node. (E|h(x)|) is the average path length of sam-
ple (x) across all trees, and (c(n)) is the reference value of the expected (average) path 
length for a given sample size (n). 

The calculation formula for (c(n)) is shown below: 

c(n) =  2H(n − 1) −
2(n − 1)

n
,  

where H(n − 1) is the (n − 1)-th harmonic number, defined as H(n − 1) = ∑ 1
k

n−1
k=1 , It can 

be approximated by ln( n − 1) + γ, with γ ≈ 0.5772 being the Euler–Mascheroni con-
stant. 

Missing-value imputation: After outlier removal, missing values are imputed using 
latitude binning and stratified filling. Following the assumption that “similar latitudes 
imply similar soil characteristics,” samples are divided into five spatial groups. Missing 
values within each group are then imputed using the group mean. If a spatial group 
contains too few samples, the global mean is used instead to impute missing values. 

3.2.3. LLM Preprocessing Methods 

This paper employs the large language model service provided by Zhipu AI as the 
core component for intelligent data preprocessing. Its core workflow is as follows: 

Build a contextual environment for the study region that incorporates professional 
soil knowledge. The context includes background information such as climate type, 
soil-type composition, and statistical characteristics of the soil dataset. 

The LLM performs reasoning based on the contextual information and “tailors” re-
gion-specific preprocessing rules, including data standardization, outlier removal, and 
missing-value imputation. Meanwhile, because the LLM’s core mechanism relies on se-
mantic understanding and data-quality cues for flexible screening, slight variations may 
occur in preprocessing results. When the temperature is set to a low value (0.1), the 
outputs remain highly consistent, although small differences may still exist. Such varia-
bility is considered reasonable [29]. 

The system executes data preprocessing according to the rules generated by the 
LLM. 
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3.3. Model and Hyperparameter Optimization 

3.3.1. Random Forest 

This study uses the random forest algorithm to evaluate feature attributes and to 
build a random forest regression model. The input features are Sand, Silt, Clay, NDVI 
(vegetation cover index), MAT (mean annual temperature), and MAP (mean annual pre-
cipitation), and the target variable is SOC (g/kg). 

Perform bootstrap sampling (random sampling with replacement) from the original 
training data to generate (M) training subsets. 

For each training subset, select (m) features from the full set of predictors, where (m) 
is much smaller than the total number of features in the subset. The contribution of each 
feature is then computed using the Gini index, and the most representative feature is 
chosen to split nodes and construct the base decision tree. The Gini index is calculated as 
follows: 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐷𝐷,𝐴𝐴) =
|𝐷𝐷1|
|𝐷𝐷| 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

(𝐷𝐷1) +
|𝐷𝐷2|
|𝐷𝐷| 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

(𝐷𝐷2).  

In this equation, (𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐷𝐷,𝐴𝐴)) denotes the Gini index of attribute (A) on dataset (D). 
(D1) is the number of samples in (D) that take a certain value (or fall into a certain parti-
tion) under attribute (A), and (D2) is the number of remaining samples. The unified 
formula for constructing (𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐷𝐷1)) and (𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐷𝐷2)) is: 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐷𝐷) = 1 −��
|𝐶𝐶𝑘𝑘|
|𝐷𝐷|

�
𝐾𝐾

𝑘𝑘=1

2

  

Here, (𝐶𝐶𝑘𝑘) is the number of samples in set (D) that belong to class (k), and (K) is the 
number of classes. 

The multiple constructed decision trees are combined to form the random forest 
model. 

The final predicted SOC value is obtained by averaging the SOC predictions from 
all trees in the forest [30]. 

3.3.2. Hyperparameter Optimization 

In this study, three hyperparameter optimization methods are used to tune three 
random forest hyperparameters: n_estimators (number of trees), max_depth (tree depth), 
and max_features (number of features). The three optimization methods are grid search 
[31], random search [32], and LLM-based hyperparameter optimization [33]. 

Grid search: 
For each hyperparameter to be tuned, a candidate value list is manually specified. 
Enumerate all combinations: all values across the lists are combined to generate 

every possible hyperparameter combination. 
Train and evaluate each combination: for every hyperparameter set, a model is 

trained and its performance is evaluated using cross-validation or similar methods. 
Select the best combination: the hyperparameter set with the best performance on 

the evaluation set is chosen as the optimal configuration. 
Random search: 
Unlike grid search, random search does not exhaustively try all possible combina-

tions. 
Define a statistical distribution for each hyperparameter and set a fixed number of 

trials (n). 
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In each iteration, the algorithm randomly samples a value from each hyperparame-
ter distribution to form a hyperparameter set. 

Train the model with this set and evaluate its performance using cross-validation; 
repeat the above steps (n) times [34]. 

LLM-based hyperparameter optimization: 
Build an “intelligent context” and prepare a detailed diagnostic report for the LLM, 

including: a data profiling report (e.g., sample size, feature dimensionality, SOC mean, 
and other summary statistics); a regional background profile (e.g., climate type of the 
study area, such as temperate monsoon or continental climate, and major soil types); and 
task instructions explicitly asking the LLM to act as a machine learning expert and rec-
ommend random forest hyperparameters. 

The LLM conducts logical reasoning based on this context. For example, it analyzes 
data scale (“the black soil region has more than 1000 samples and can support a more 
complex model, so a larger n_estimators is recommended”), considers regional charac-
teristics (“data in the windblown sandy soil region are relatively sparse, so model com-
plexity should be controlled to avoid overfitting, and max_depth should not be too 
large”), and integrates domain knowledge by drawing on its learned information about 
random forests and soil science. 

The LLM directly outputs a complete, customized set of hyperparameters. With 
temperature = 0.1 [35], the recommendations remain highly consistent; moreover, ran-
dom forest algorithms are robust to small variations within a reasonable range of hy-
perparameter values. 

3.4. Model Evaluation Metrics 

The coefficient of determination (R2) is used to evaluate the overall goodness of fit 
of a model, and it is calculated based on the differences between observed and predicted 
values. R2 is computed as (R2 = SSR/SST), where (SST) represents the deviation of the 
observed values from their mean, calculated as SST = Σ(yᵢ − ȳ)2, with (ȳ) being the mean 
of the dependent variable; and (SSR) represents the explained variation relative to the 
mean, calculated as (SSR = Σ(ŷᵢ − ȳ)2), where (ŷᵢ) is the predicted value. The closer (R2) is 
to 1, the better the model fit [36]. 

The root mean square error (RMSE) is used to quantify the magnitude of the 
differences between model predictions and the observed values. A smaller RMSE indi-
cates higher prediction accuracy [37]. The formula is as follows: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑛𝑛�(

𝑛𝑛

𝑖𝑖=1

𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2,  

where (yᵢ) is the observed (true) value of the (i)-th sample, and (ŷᵢ is the predicted value 
of the (i)-th sample). 

4. Results and Analysis 
4.1. Data Preprocessing Performance Comparison 

This study uses six indicators—Sand, Silt, Clay, NDVI, MAT, and MAP—as input 
variables, with soil organic carbon (SOC) content as the output variable. The rationale 
for this selection is as follows: Research by Chen Xintong et al. on desert, grassland, 
shrubland, and forest ecosystems in northern China indicates that SOC content is sig-
nificantly negatively correlated with mean annual temperature (MAT), pH, and sand 
content, and significantly positively correlated with mean annual precipitation (MAP), 
clay content, silt content, NDVI, and plant species richness. This study confirms that, at 
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the regional scale, SOC content is primarily influenced by the combined effects of cli-
matic factors (MAT, MAP), soil factors (Sand, Silt, Clay), and vegetation factors (NDVI). 
Therefore, this study selected these six variables as predictors, also considering their 
availability in the dataset used [38]. 

During data preprocessing, the two types of variables are cleaned separately: for 
the input variables, both outliers and missing values are handled; for soil organic carbon 
content, only outliers are filtered, and samples with missing soil organic carbon content 
values are directly removed. Finally, the preprocessing performance is compared across 
three approaches: traditional hard-coded rules, a machine learning method (Isolation 
Forest), and an LLM-based method. The context generated by the LLM during the data 
preprocessing stage for the two regions is as follows: 

As a soil data specialist, generate data preprocessing rules for the [Region Name] area. 
[Data Context] 
Region: [Region Name], [Climate Type] 
Sample size: [Sample Size] samples 
SOC statistics: Mean [SOC Mean] ± [SOC Standard Deviation] g/kg 
Sand statistics: Mean [Sand Mean] ± [Sand Standard Deviation]% 
[Rule Requirements] 
1. SOC outlier range: Set reasonable upper/lower limits based on statistical distribution 
2. Sand outlier upper limit: Establish the maximum value considering soil characteristics 
3. Missing value imputation strategy: Fill based on soil_type_lat 
[Northeast Black Soil Region Rules] 
Soil organic carbon content distribution in the black soil region is relatively concentrated, thus employing a small-scale 
range for Soil organic carbon content anomalies. Under humid climatic conditions, sand content is relatively low. Medi-
an values are estimated by grouping soil types and latitudes to fully preserve the high-carbon characteristics of black 
soil. 
[Northeast Windblown Sandy Soil Region Rules] 
Soil organic carbon content exhibits significant variability in the Windblown Sandy Soil Region, necessitating an ex-
panded range for Soil organic carbon content anomalies to preserve genuinely low values. Arid areas feature higher 
sand content. Latitude-based binning and median interpolation by soil type are employed to avoid introducing external 
biases. 

The preprocessing rules and associated numerical thresholds for the context repre-
sentation settings of the large language model (LLM) were autonomously generated by 
the LLM based on the provided regional background information. Specifically, the LLM 
received statistical summaries derived from the dataset (e.g., mean and standard devia-
tion of SOC and sand content, sample size) and regional background information com-
piled manually from the literature (e.g., climate type, major soil types, environmental 
characteristics). Based on these inputs, the LLM independently derives appropriate 
anomaly ranges and thresholds and formulates the complete rule text described above. 

This adaptability is clearly demonstrated in the LLM’s differentiated outputs for the 
two study regions. For the black soil region—characterized by relatively concentrated 
soil organic carbon (SOC) content distribution, a humid climate, and low sand con-
tent—the LLM set the SOC anomaly range to 5–45 g/kg and the upper limit for sand 
content to 80%. In contrast, for the windblown sandy soil region —characterized by high 
soil organic carbon (SOC) content variability, predominantly arid conditions, and typi-
cally high sand content—the LLM expanded the SOC anomaly range to 0.5–60 g/kg and 
set the upper limit for sand content at 95%. 

These results demonstrate that LLM possesses the ability to adaptively generate re-
gion-specific preprocessing rules without the need for humans to explicitly specify nu-
merical boundaries. The stability and validity of the generated rules were verified 
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through multiple runs. The consistency of the results across runs confirms the robust-
ness of LLM’s reasoning and that the selected thresholds are not coincidental outcomes 
but rather reflect the integration of its internal knowledge with the provided context. 

Based on the above results, the following findings can be drawn: 
As shown in Tables 2 and 3, all three methods achieved a 100% missing-value im-

putation ratio. 

Table 2. Comparison of data preprocessing results for the black soil region. 

Method Original Sample Size Sample Size After Cleaning Missing-Value Imputation Ratio  
Traditional hard coding 797 448 100 

Isolation Forest 797 757 100 
LLM 797 441 100 

Table 3. Comparison of data preprocessing results for the windblown sandy soil region. 

Method Original Sample Size Sample Size After Cleaning Missing-Value Imputation Ratio 
Traditional hard coding 609 361 100 

Isolation Forest 609 578 100 
LLM 609 377 100 

Figure 3 indicates that Isolation Forest yields the highest sample retention rate, and 
Figure 4 further shows that it also performs best in terms of SOC mean bias. However, 
because Isolation Forest processes data primarily based on statistical characteris-
tics—unlike the other two approaches, which follow a dual screening principle combin-
ing soil-science knowledge and data characteristics—its advantage is not considered 
here in order to better account for regional heterogeneity. Regarding retention rates, the 
black soil region and the windblown sandy soil region exhibit contrasting soil environ-
mental characteristics (high-carbon and complex conditions in the black soil region ver-
sus low-carbon and relatively simple conditions in the windblown sandy soil region), 
which indirectly affect sampling difficulty and data quality. Because the LLM is sensitive 
to data quality, it can more accurately identify high-quality samples under varying re-
gional data conditions, resulting in the reasonable phenomenon of lower retention rates 
in the black soil region and higher rates in the wind-sand region. Compared to tradi-
tional hard-coded rules, LLM demonstrated a more pronounced difference in retention 
rates between the two regions (LLM retention rate difference 6.6 > traditional 
hard-coded retention rate difference 3.1), indicating stronger regional specificity. Fur-
thermore, the mean deviation in soil organic carbon content produced by LLM was low-
er than that of traditional hard-coded methods. Overall, LLM exhibited optimal adapta-
bility in both cross-regional high-quality sample selection and control of mean deviation 
in soil organic carbon content. 
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Figure 3. Retention rates of preprocessing methods in the black soil region and the windblown 
sandy soil region. 

 

Figure 4. SOC mean bias results of preprocessing methods in the black soil region and the wind-
blown sandy soil region. 

Figures 5 and 6 show that, after LLM-based preprocessing, the mean SOC in the 
black soil region increases from 13.6 g/kg to 17.8 g/kg, close to 18.2 g/kg obtained with 
traditional hard coding. In the windblown sandy soil region, the mean SOC decreases 
from 12.8 g/kg to 10.2 g/kg, close to 10.3 g/kg obtained with Isolation Forest. This indi-
cates that the LLM exhibits region-specific preprocessing behavior and can effectively 
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retain samples that are reasonable for each region. The results of simultaneous pro-
cessing align with the characteristics of high carbon content in black soil regions and low 
carbon content in wind-sand areas. 

 

Figure 5. Changes in mean SOC under the three preprocessing methods in the black soil region. 

 

Figure 6. Changes in mean SOC under the three preprocessing methods in the windblown sandy 
soil region. 
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In summary, comparison of the three preprocessing methods suggests that the LLM 
can not only apply soil-science knowledge to screen samples rigorously, but also gener-
ate region-specific rules for different areas, making the filtering results more consistent 
with the actual SOC characteristics of the black soil region and the windblown sandy 
soil region. Overall, the LLM delivers the best preprocessing performance. 

4.2. Hyperparameter Optimization Performance Comparison 

In this section, the performance of three methods—grid search, random search, and 
LLM-based optimization of random forest hyperparameters—is compared. The context 
for the large language model recommending optimal hyperparameters for the random 
forest model is as follows: 

As a soil science expert, I recommend optimal hyperparameters for the random forest model in the [Region Name] area. 
[Data Information] 
Number of training samples: [Number of Training Samples] 
Number of features: [Number of Features] 
Mean of target variable (SOC): [Mean SOC Value] g/kg 
[Parameter Constraints] 
- n_estimators: Integer between 100 and 400 
- max_depth: Integer between 8 and 20 
- max_features: Decimal between 0.6 and 0.8 
[Northeast Black Soil Region Rules] 
Regional Characteristics: Moderate sample size with relatively concentrated SOC distribution. A moderate number of 
trees balances model capacity and computational efficiency; limiting tree depth prevents overfitting while capturing key 
patterns; setting max_features to an appropriate value ensures sufficient feature interaction without excessive random-
ness, guaranteeing robust generalization. 
[Northeast Windblown Sandy Soil Region Rules] 
Regional Characteristics: Given the high variability of SOC in the Windblown Sandy Soil Region, using slightly more 
trees helps stabilize prediction results and capture complex patterns. Moderate depth prevents overfitting to noise, while 
the feature sampling ratio ensures sufficient feature diversity at each split. This configuration effectively balances bias 
and variance under conditions of limited sample size and high data variability. 

Based on the context provided by large language models (LLMs) regarding the 
tuning of Random Forest parameters, it is clear that LLMs establish different parameter 
configuration standards for each region based on their respective environmental charac-
teristics. As mentioned above, there are significant differences in the inference criteria 
between these two regions. 

It is important to note that the parameter descriptions provided (e.g., “moderate 
number of trees,” “slightly higher number of trees”) are specific characteristics derived 
manually from foundational literature and geographical knowledge. The LLM then 
translates these inference guidelines into specific numerical recommendations within the 
given parameter constraints (n_estimators: 100–400, max_depth: 8–20, max_features: 
0.6–0.8). 

For the black soil region, the LLM recommends: n_estimators = 250, max_depth = 
12, max_features = 0.7. For the Windblown Sandy Soil Region, the LLM recommends: 
n_estimators = 300, max_depth = 12, max_features = 0.7. These specific values are de-
rived by the LLM rather than pre-specified by the authors, demonstrating its ability to 
autonomously generate context-aware hyperparameter configurations. 

It is worth noting that although the parameter constraints and regional description 
rules were provided by the authors, the selection of specific values was autonomously 
performed by the LLM based on its inference of environmental characteristics in each 
region (e.g., the contrast between the relatively concentrated distribution of soil organic 
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carbon and high variability). This indicates that the LLM can adaptively generate con-
text-aware hyperparameter configurations without the need for manually specifying ex-
act values. The stability of these recommendations was verified through multiple runs, 
ensuring that the output results are robust and not due to random fluctuations. 

The final comparison of hyperparameter optimization results among the three 
methods (grid search, random search, and LLM-based optimization) is as follows: 

Figures 7 and 8 show that the random forest model built with LLM-optimized hy-
perparameters achieves the following performance in the black soil region: (R2 = 0.394) 
and (RMSE = 8.76) g/kg, which is comparable to grid search and random search ((R2 = 
0.393), (RMSE = 8.77) g/kg for both). In the windblown sandy soil region, the 
LLM-optimized model achieves (R2 = 0.694) and (RMSE = 6.07) g/kg, which is very close 
to grid search ((R2 = 0.704), (RMSE = 5.97) g/kg) and random search ((R2 = 0.703), (RMSE 
= 5.98) g/kg). Furthermore, as shown in Tables 4 and 5, the LLM-based method reduced 
the number of model evaluation iterations by approximately 95–98% compared to grid 
search and random search. In terms of actual runtime, grid search took 21.03 s in the 
black soil region and 19.31 s in the sandy region; while random search took 4.87 s and 
4.28 s, respectively; in contrast, LLM optimization took only 1.71 s and 1.74 s, represent-
ing a reduction of 91.8–92.7% compared to random search and 97.9–98.7% compared to 
grid search. 

 

Figure 7. Performance comparison of the random forest model under three hyperparameter opti-
mization methods in the black soil region. 
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Figure 8. Performance comparison of the random forest model under three hyperparameter opti-
mization methods in the windblown sandy soil region. 

Table 4. Comparison of hyperparameter settings and tuning efficiency across different optimiza-
tion methods in the black soil region. 

Method n_estimators max_depth max_features Number of Evaluations Time (seconds) 
Grid search 200 12 0.6 64 21.03 

Random search 200 12 0.6 20 4.87 
LLM 250 12 0.7 1 1.71 

Table 5. Comparison of Parameter Configuration and Computational Efficiency of Different Hy-
perparameter Optimization Methods in the Windblown Sandy Soil Region. 

Method n_estimators max_depth max_features Number of Evaluations Time (s) 
Grid search 400 12 0.6 64 19.31 

Random search 200 10 0.6 20 4.28 
LLM 300 12 0.7 1 1.74 

Although a runtime of approximately 20 s for grid search is not unacceptable for a 
single small-scale dataset, the advantages of the LLM method are evident in multiple 
aspects. When modeling multiple regions or datasets, the efficiency advantage of LLM is 
significantly amplified: for example, when tuning parameters for 10 regions, grid search 
requires a cumulative total of about 200 s, while LLM requires only about 17 s. The LLM 
method requires no model training and obtains parameters through a single inference, 
whereas grid search and random search require training models dozens of times, result-
ing in significantly higher cumulative computational resource consumption. 

It is important to note that the results of all three methods were validated through 
five independent runs. Notably, across all five runs for the two regions, the LLM con-
sistently recommended exactly the same parameters for the random forest model. This 
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indicates that the LLM can directly derive robust hyperparameter configurations with 
strong generalization capabilities, effectively mitigating the inherent randomness in sin-
gle-run evaluations while ensuring stable and reliable model performance. The hy-
perparameters obtained in this manner possess significant practical value. 

4.3. Performance Comparison of Random Forest Models Based on LLM Hyperparameter  
Optimization 

In this section, the performance of the XGBoost model [39,40], the PLSR (partial 
least squares regression) model [41,42], and the random forest model with 
LLM-optimized hyperparameters is compared to validate the practical applicability of 
the latter under heterogeneous soil environmental conditions across regions. The train-
ing-to-testing split is 7:3. The comparison results of the three models are shown in the 
figure below. 

Figures 9 and 10 indicate the following results: 

 

Figure 9. Comparison of R2 values among the three models in the black soil region and the wind-
blown sandy soil region. 
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Figure 10. Comparison of RMSE among the three models in the black soil region and the wind-
blown sandy soil region. 

In the black soil region, the XGBoost model achieved an R2 of 0.297 with a root 
mean square error (RMSE) of 9.43 g/kg, whereas the PLSR model achieved an R2 of 0.337 
with an RMSE of 9.16 g/kg. In the windblown sandy soil region, the corresponding R2 
values were 0.604 and 0.524, with RMSEs of 6.90 g/kg and 7.57 g/kg, respectively. By 
comparison, the random forest model developed using LLM-based preprocessing and 
LLM-optimized hyperparameters performed better: in the black soil region, R2 increased 
to 0.394 and RMSE decreased to 8.76 g/kg; in the windblown sandy soil region, R2 fur-
ther increased to 0.694 and RMSE decreased to 6.07 g/kg. 

The random forest model developed after LLM-based preprocessing and 
LLM-based hyperparameter optimization shows clear performance differences across 
regions: in the windblown sandy soil region, (R2) (0.694) is substantially higher than that 
in the black soil region (0.394), and RMSE (6.07 g/kg) is lower than that in the black soil 
region (8.76 g/kg), indicating better SOC prediction performance in the windblown 
sandy soil region. A plausible explanation is that, due to the windblown sandy charac-
teristics, the key factors controlling SOC in the windblown sandy soil region are rela-
tively more concentrated, whereas SOC in the black soil region is influenced by multiple 
interacting factors (e.g., temperature, precipitation, and vegetation), leading to a more 
complex and dispersed set of drivers. 

Overall, the observed regional performance differences in the LLM-optimized ran-
dom forest are closely related to region-specific soil characteristics and the complexity of 
controlling factors. The constructed model can adapt to SOC patterns across different 
soil types and regions, and its performance metrics meet basic requirements. 

4.4. Variable Importance Analysis 

To explain the extent to which each input variable contributes to the model’s pre-
dictions, this study conducted a variable importance analysis based on the built-in fea-
ture importance metric of the Random Forest model (average reduction in impurity). 
The analysis utilized a Random Forest model optimized via LLM, and the results are 
shown in Table 6. 
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Table 6. Variable importance rankings for the Random Forest model optimized by LLM. 

Rank Black Soil Region Importance Wind-Blown Sandy Region Importance 
1 MAT 0.358 Clay 0.320 
2 Clay 0.188 MAT 0.314 
3 Sand 0.132 MAP 0.141 
4 MAP 0.116 Silt 0.091 
5 Silt 0.107 Sand 0.070 
6 NDVI 0.098 NDVI 0.065 

As shown in Table 6, the importance of variables differs significantly between the 
two regions, reflecting their distinct environmental characteristics: 

In the black soil region, mean annual temperature (MAT) had the highest im-
portance score (0.358), followed by Clay (0.188) and Sand (0.132). This indicates that in 
this humid, high-carbon region, temperature is the dominant controlling factor influ-
encing soil organic carbon content dynamics. 

In the wind-blown sandy region, Clay (0.320) was the most important predictor, 
followed by mean annual temperature (MAT) (0.314) and mean annual precipitation 
(MAP) (0.141). The dominant role of Clay reflects the arid nature of this region, where 
Clay minerals play a critical role in stabilizing organic carbon. The significant contribu-
tions of climatic variables (MAT and MAP) further highlight the constraining effects of 
moisture and temperature on organic carbon accumulation in semi-arid regions. 

The differences in variable importance across these regions validate the necessity of 
region-specific modeling and support the adaptive preprocessing and parameter opti-
mization strategies adopted in this study. 

5. Conclusions 
This study proposes an LLM-driven intelligent modeling workflow and takes the 

Northeast China black soil region and the windblown sandy soil region as the study ar-
eas. The main conclusions are as follows: 

The LLM can generate different data preprocessing rules tailored to the distinct soil 
environmental conditions of the black soil region and the windblown sandy soil region. 
This addresses limitations of traditional approaches, where expert-defined rules lack 
unified standards and often fail to adequately account for regional soil heterogeneity, 
and it provides a new pathway for cross-regional data preprocessing. 

LLM-driven hyperparameter tuning can achieve performance close to grid search 
and random search with only a single evaluation, while improving computational effi-
ciency by more than 95%, offering a highly efficient approach for model hyperparameter 
optimization. 

The LLM-optimized random forest model achieves improved performance, with (R2) 
increasing to 0.394 and RMSE decreasing to 8.76 g/kg in the black soil region, and (R2) 
further increasing to 0.694 with RMSE decreasing to 6.07 g/kg in the windblown sandy 
soil region. It not only outperforms XGBoost and PLSR, but also shows adaptability to 
inter-regional differences and region-specific SOC patterns. 

In addition to its application in predicting soil organic carbon, our method also 
offers new insights for the fields of machine learning and artificial intelligence. Using 
large language models (LLMs) for hyperparameter tuning represents an innovative ap-
proach—whereas traditional tuning methods often rely on trial and error, LLMs can 
now directly provide suitable parameters. This method is not limited to this specific ap-
plication but can be extended to other models and tasks. The LLM-based data prepro-
cessing framework we have developed can automatically adjust rules based on us-
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er-provided contextual information across different data environments, establishing an 
effective model for “how to perform intelligent data cleaning across various domains.” 
From prompt design to result validation, our entire workflow is open and reproducible. 
Any future research aimed at LLM-assisted machine learning can use this as a starting 
point. 

This study also has certain limitations. The research areas were concentrated in 
black soil regions and wind-sand areas, and the soil types examined did not include 
other types, such as red soil or loess. Furthermore, the data were sourced from 
open-access datasets without incorporating field sampling data. Future work could in-
clude more soil types and regions, adding field sampling data to enhance the model’s 
applicability nationwide. However, at this stage, the findings of this paper already pro-
vide a foundation of technical support for subsequent research. 
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