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Soybean yield is affected by soil, terrain, biology, and other factors. However, few studies have considered the main and secondary influencing factors of soybean yield and the interaction mechanisms among these factors within a catchment area in the black soil region. This study aims to explore the main influencing factors and the coupling mechanisms affecting soybean yield in China’s northeast black soil region. Using 46 samples from Heshan Farm, Nenjiang City, a driving factor model for soybean yield was developed using PLS-SEM, incorporating latent variables such as soybean yield, topographic characteristics, soil physical properties, soil chemical properties, and biological factors. The main factors, secondary factors, and their interactions affecting soybean yield were discussed. Topographic factors, soil physical properties, and soil chemical properties had positive total effects on soybean yield, while biological factors had a direct negative impact on soybean yield, with the total effects ranging from soil physical properties > biological factors > topographic factors > soil chemical properties. In terms of soil physical properties, the load value of soil bulk density was the largest (−0.917). This was followed by saturated water content (0.886), total porosity (0.855), capillary water holding capacity (0.837), field water holding capacity (0.763), black soil thickness (0.695), sand particle size (−0.664), clay particle size (0.450), and gravel ratio (−0.439). These findings demonstrate soil physical properties are the key factors affecting soybean yield. Thus, soil improvement in small catchment, by reducing bulk density, increasing porosity, and improving soil water retention capacity are key to improving soybean yield.
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1 Introduction

Soybean is rich in nutrients and is one of the important sources of human protein and oil. With the increased demand for soybeans, the gap between soybean production and demand in our country continues to expand. Therefore, increasing soybean production is crucial to ensuring national food security and human health. The northeast black soil region is the main grain production base in China, and soybean is one of the main cultivated crops in this region, its soybean output accounts for half of the total national production (Hao et al., 2019). However, no corresponding soil and water conservation measures have been taken in the northeast black soil region throughout its farming history of more than 100 years. Due to high-intensity predatory exploitation and utilization, the soil in the black soil region has been continuously eroded (Xie et al., 2023). In addition, the improvement of mechanization and the use of chemical fertilizers and pesticides in recent years have seriously affected soil quality. This is difficult to reverse in a short time, resulting in a continuous decline in soil productivity and threatening national food security. Clarifying the influencing factors of soybean yield in the northeast black soil region is of great significance for maintaining and improving soybean yield and ensuring national food security.

To date, both domestic and international scholars have conducted extensive research on crop yield and its influencing factors. Kaspar et al. (2003) explored the relationship between crop yield and topographic factors and believed that the relationship between the two was affected by precipitation. When the precipitation was lower than in normal years, the yield was negatively correlated with elevation, slope curvature, etc., and when the precipitation was higher than in normal years, the yield was positively correlated. Sam et al. (2021) also reached the same conclusion. Asadu et al. (2002) studied the effects of soil physical properties on crop yield and found that macroporosity, microporosity, total porosity, and bulk density contributed the most to cassava root yield, while pH, total exchangeable acidity, and microporosity were important factors affecting maize yield. Wang et al. (2009) studied the effect of soil erosion on soybean yield and found that the increase in soil erosion depth led to a decrease in soil organic matter, total nitrogen, total phosphorus, and other nutrients, which further led to a decrease in soybean yield. Zhang et al. (2021) also reached the same conclusion and found a nonlinear relationship between crop yield and erosion depth. When the thickness of soil layer A is less than 25 cm, crop yield decreases significantly. Liu et al. (2015) found that soil moisture, nitrogen, phosphorus, and potassium all affect soybean yield, and the intensity of the effects varies with the thickness of soil erosion. Additionally, there is a nonlinear relationship between soybean yield and soil moisture, nitrogen, phosphorus, and potassium. Usowicz and Lipiec (2017) measured the field changes of soil physicochemical properties of oats, rye, and other grains and soil, and found that grain yield was significantly positively correlated with clay content and surface soil water content, and significantly negatively correlated with bulk density. Feng et al. (2018) quantified the effects of surface layer thickness and sediment deposition thickness of black soil on corn yield and found that corn yield decreased with the decrease of surface layer thickness, and decreased with the increase of sediment deposition depth during the planting period. Although there have been studies on the factors affecting crop yield, these studies tend to focus on the relationship between a single factor and crop yield. Crop yield is affected by climate, terrain, soil, biology, agricultural management measures, and other factors (Green et al., 2007; Bogunovic et al., 2018; Luo et al., 2019; Faé et al., 2020; Kang et al., 2022), each factor has different degrees of influence on yield, and there are complex interactions among these factors (Wang C. et al., 2023), which makes the primary and secondary factors affecting crop yield and how they influence yield remain uncertain. It is very important for the management and improvement of crop production to clarify the main and secondary factors affecting soybean yield in black soil area and the interaction between them.

In existing relevant studies, scholars have mostly used factor analysis, principal component analysis, correlation coefficient, linear regression, and other methods to analyze the influencing factors of crop yield. Olivares et al. (2022) used multiple regression analysis to explore the relationship between banana yield and soil characteristics and found that soil texture, structure type, and dry consistency were significantly correlated with banana productivity. Yang et al. (2022) used multiple linear regression to study the relationship between winter wheat yield and soil bulk density. Asadu et al. (2002) used the stepwise regression method to study the contribution of soil physical properties to the yield changes of cassava, yam, maize, and dal. Jagadamma et al. (2008) used variance analysis, correlation analysis, principal component analysis, multiple regression analysis, and other methods to study the effects of nitrogen fertilizer on corn and soybean yield in Illinois, United States. Tian et al. (2016) used variance analysis to explore the responses of crop yield and soil carbon to different tillage methods in northern China. These traditional methods have limitations in assessing the relationship between crop yields and influencing factors. They can only calculate the single relationship between the independent variable and the dependent variable, and cannot explore the direct influence, indirect influence, and influence degree of each factor on the output, as well as the complex interaction between factors (Sha et al., 2017; Wang M. et al., 2023; Wang W. et al., 2023).

The structural equation model (SEM) estimates and tests the structural relationship between variables and the causal relationship between multiple variables by establishing a hypothesis model combining the index system and providing the strength of each relationship. It includes both measurement variables that can be directly observed and latent variables that are difficult to directly observe. The partial least squares Structural equation modeling (PLS-SEM) is an SEM technique based on iterative methods to maximize the interpretive variance of endogenous structures. In addition, PLS-SEM has the advantages of being suitable for data with non-normal distribution, small sample size, and formed measurement structure. It reduces the requirement for data to meet the normal distribution and better solves the multicollinearity problem between index factors, which is advantageous in exploratory research with fewer samples and more complex models (Hair et al., 2014). At present, some scholars have applied this method to geography and other related fields to explore the influencing factors of research objects. Wang M. et al. (2023) used the partial least squares structural equation model to explore the driving factors of cultivated land quality in the northeast black soil region and found that soil properties had the greatest driving force on cultivated land quality, while the social economy had the least driving force on cultivated land quality. Wang W. et al. (2023) studied the main influencing factors of nutrient concentration in arid rivers in Northwest China based on partial least squares structural equation model and found that land use type, meteorological elements, and soil were the main factors affecting total phosphorus and total nitrogen change. Dong et al. (2023) made an empirical study on the influencing factors of soybean yield of high-standard farmland projects in Hanzhong City by using a partial least squares structural equation model and found that soil nutrients, irrigation, and soil properties were the main factors affecting cultivated land productivity, and had direct or indirect positive effects on cultivated land productivity. The overall effect size was soil property (0.587) > farmland water conservancy (0.552) > soil nutrient (0.464). Therefore, PLS-SEM was chosen in this study to explore the influencing factors of soybean yield in the northeast black soil region.

This study explores the effects of terrain, soil, and biology on soybean yield at a small catchment scale. The main purpose of the study was to 1) establish a model of influencing factors of soybean yield by using PLS-SEM, and 2) clarify the direct factors, indirect factors, major factors, minor factors, influence degree of each factor, and interaction among factors. The results of this research aim to provide basic scientific insights for the management of black soil cultivated land and the sustainable improvement of soybean yield.



2 Materials and methods


2.1 Study area

The study area is located in the No. 8 drainage catchment (48° 46ˈN, 124° 53ˈE and 49° 21ˈN, 125° 27ˈE) in Hebei Catchment, Nenjiang City, Heilongjiang Province, covering an area of 2.3 km2 (Figure 1). The area is situated at the southwest foot of the Lesser Khingan Mountains, in the transition zone from the Lesser Khingan Mountains to the Nenjiang Valley, with an elevation ranging from 333 to 391 m. The topography is relatively flat, with long and gentle slopes. The slope of the cultivated land varies from 0.1 to 4.2° with an average of 2.3°, and the slope length ranges from 800 to 1,500 m. The climate is a medium-temperate continental monsoon climate. The annual average temperature is 0.4°C, with a maximum of 37.9°C and a minimum of −46.5°C (Li and Duan, 2014). The annual average precipitation is 544.1 mm, mainly concentrated between June and August, accounting for 66.8% of the annual precipitation. The natural vegetation belongs to the temperate semi-humid meadow grassland, the soil is classified as black soil in the Chinese genetic classification and as homosaprophytic soil in the Chinese soil systematic classification. The parent material is mostly Quaternary fluvial lacustrine sand and loessial clay sediment. In the catchment, the soybean high and low yield zones are caused by erosion and sedimentation, as well as differences in soil, topographic conditions, and field management.

[image: Figure 1]

FIGURE 1
 (A) The location of the study area in Northeast China; (B) sample point layout in the study area.




2.2 Data sources

Before planting in 2022, an image with a resolution of 25 cm × 25 cm was obtained using surveying and mapping UAVs. The DEM data of the study area was then obtained through indoor splicing, clipping, and resampling. Finally, the elevation, slope, slope curvature, and plane curvature were extracted, and the slope index and topographic position index were calculated. In August 2022, 46 farmland sampling sites were established in the catchment to collect soil samples and determine soil physical, chemical properties, and biological factors. Specifically, a soil drill with a diameter of 6.5 cm and a bit length of 30 cm was used to drill the original soil column, and the thickness of the black soil was determined using a Munsell standard colorimetric card. A ring knife with a diameter of 7 cm and a height of 5.2 cm was used to collect undisturbed soil samples at depths of 0–10 cm and 10–20 cm at each sample site. The bulk density, total porosity, saturated water conductivity, capillary water capacity, field water capacity, and saturated water content of 0–10 cm and 10–20 cm were measured in the laboratory. At the same time, soil samples from the same soil layer were collected, three samples were collected at each sample point, mixed in a sample bag, and analyzed for gravel ratio, mechanical composition, organic carbon, pH value, total nitrogen, total phosphorus, total potassium, alkali-hydrolyzed nitrogen, available phosphorus, rapidly available potassium, ammonium nitrogen, nitrate nitrogen, hydroxides, and β-glucoside enzyme. All samples were analyzed according to relevant national standards (Nanjing Institute of Soil Science, Chinese Academy of Sciences, 1978).

Soybeans of the Heihe 43 variety were sown in early May 2022. In early August, urea, diammonium phosphate, and potassium sulfate were applied by spraying foliar fertilizer. In early October 2022, a 1 m × 1 m quadrat was used to collect soybean plants, with three quadrats sampled at each sample point. After collection, the samples were processed indoors and adjusted to a 13% water content to obtain the soybean yield per unit area at various points in the study area.



2.3 Partial least squares structural equation model (PLS-SEM)

Structural equation models, which integrate path analysis and confirmatory factor analysis, can analyze structural relationships between variables that cannot be directly measured and causal relationships between multiple variables, providing the strength of each relationship. These models consist of measurement models and structural models. The measurement model describes the relationship between the observed variables and the latent variables, and its expression is as follows:
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In Equation 1 where x is the exogenous observed variable; ζ is the exogenous latent variable, which explains other variables in the model. Λx is the factor load matrix of the exogenous observed variable on the exogenous latent variable; δ is the error term vector of the exogenous variable; in Equation 2 y is the endogenous observed variable; η is an endogenous latent variable that explains or is explained by other variables in the model. Λy is the factor load matrix of the endogenous observed variable on the endogenous latent variable; ε is the error vector of the endogenous variable. In this study, topographic factors are exogenous latent variables, while soil physical properties, soil chemical properties, and biological factors are endogenous latent variables. The topographic index, elevation, slope, and black soil layer thickness are all observed variables (Table 1).



TABLE 1 Influencing factors of soybean yield in the study area.
[image: Table1]

A structural model describes the relationship between latent variables that cannot be directly measured or observed, expressed as:

[image: image]

In Equation 3 where B and Г are path coefficients, B represents the relationship between endogenous latent variables, Г represents the influence of exogenous latent variables on the value of endogenous latent variables, and ξ is the error term of the structural equation.

SEM is divided into Hierarchical SEM, Bayesian SEM, and Partial least-squares SEM. Compared with other methods, PLS-SEM requires less prior knowledge, is suitable for non-normal distribution and small sample size data, and has good performance when considering multicollinearity (Fan et al., 2016). Therefore, in this study, four indexes affecting soybean yield were selected from the aspects of terrain factors, soil physical properties, soil chemical properties, and biological factors, and PLS-SEM was chosen for this study to analyze the driving factors of soybean yield in the northeast black soil region of China. Since this study was conducted on a small catchment scale, factors such as policy, temperature, and precipitation, which have insignificant differences, were not taken into account. Based on the influence of each factor on soybean yield and their interrelationships, a conceptual model of the soybean yield driving factor was constructed (Figure 2). The plspm package in R 4.2.1 is used to realize partial least square structural equation modeling and model verification. During the process of model construction and improvement, after testing the reliability, validity, and prediction accuracy of the model, measurement indexes with low loadings between the latent variables that affected the accuracy of the model were removed. Finally, 5 latent variables and 19 observed variables were determined (Table 1).

[image: Figure 2]

FIGURE 2
 PLS-SEM model framework, the rectangle represents observed variables, the ellipse represents potential variables, and the arrow represents the relationship between observed variables and potential variables or the influence path between potential variables. SOC, organic carbon; TN, total nitrogen; TP, total phosphorus; TK, total potassium; AN, alkali hydrolyzed nitrogen; AP, available phosphorus; AK, quick available potassium; NH4 + -N, ammonium nitrogen; NO3--N, nitrate nitrogen.


The coefficient of determination (R2) and goodness-of-fit (GoF) were used to test the constructed PLS-SEM model. R2 < 0.19, 0.19 < R2 < 0.33, 0.33 < R2 < 0.67 represent weak, medium, and strong prediction accuracy levels, respectively (Wang Y. et al., 2021; Wang M. et al., 2023). GoF values higher than 0.1, 0.25, and 0.36 indicate weak, medium, and strong, respectively (Tenenhaus et al., 2004; Wang M. et al., 2023).



2.4 Yield classification

The soybean yield in the study catchment ranged from 950.4 to 3782.4 kg·ha−1, and 90% of the samples concentrated between 2179.0 and 3579.0 kg·ha−1. The 5th percentile (2179.0 kg·ha−1) and 95th percentile (3579.0 kg·ha−1) of soybean yield were used as the lowest and highest limits of the range, respectively, creating a range of 1400.0 kg·ha−1, and the range was divided into 5 intervals with equal yield ranges of 466.7 kg·ha−1. Soybean yield grades were divided into the following categories: lowest (<2179.0 kg·ha−1), low (2179.0–2645.7 kg·ha−1), medium (2645.7–3112.4 kg·ha−1), high (3112.4–3579.0 kg·ha−1), and highest (>3579.0 kg·ha−1).




3 Results


3.1 Characteristics of soybean yield

The average yield of soybean in each grade was 1729.3, 2430.9, 2863.1, 3250.9, and 3688.0 kg·ha−1. 50.0% of the 46 samples showed high yield, while 13.0 and 6.5% of the samples showed low and lowest yield, respectively (Figure 3). It could be seen that the variation of soybean yield per unit area was large in the small catchment of study, and the soybean yield per unit area in most samples was concentrated in the medium and high levels.

[image: Figure 3]

FIGURE 3
 Soybean yield in the study area.


Soybean yield varied across different landforms, and the study area was divided into upper slope, middle slope, and lower slope. The proportion of upper slope sample sites accounted for 32.6%, middle slope sample sites accounted for 50.0%, and lower slope sample sites accounted for 17.4% (Table 2). The average soybean yield was highest on the lower slope, followed by the upper slope, and lowest on the middle slope.



TABLE 2 Statistics of soybean yield at different slope sites.
[image: Table2]



3.2 Model validation

Cronbach’s Alpha value, Dillon-Goldstein’s rho value, and component reliability (CR) were used to test the internal consistency reliability of the model. In this study, each latent variable’s Cronbach’s Alpha value was greater than 0.60, and both Dillon-Goldstein’s rho and CR values were greater than 0.70 (Table 3), indicating that the measurement model had good reliability (Hair et al., 2019). The convergent validity of each latent variable was evaluated using the average variance extracted (AVE), and the discriminant validity was evaluated by the Fornell-Larcker criteria and cross-loading of indicators. In this study, AVE values were all greater than 0.50 (Table 3), indicating that the model had convergent validity (Hair et al., 2014). The square root of the AVE value of each latent variable is greater than the correlation coefficient between that latent variable and other latent variables (Table 4) (Hair et al., 2014). The loading value of each indicator on its latent variable is greater than its cross-loading on other latent variables (Table 5) (Henseler et al., 2009). It shows that this research model has discriminant validity.



TABLE 3 Evaluation of the external model’s singleness principle.
[image: Table3]



TABLE 4 Fornell-Larcker criteria.
[image: Table4]



TABLE 5 Cross loadings between measured and latent variables.
[image: Table5]

The determination coefficient (R2) and goodness-of-fit (GoF) were used to evaluate the predictive accuracy and quality of the model. In this study, soil chemical properties explain 57.0% of the variance, and biological factors explain 70.0% of the variance in the model, indicating that the explanatory ability of the model meets the requirements. The GoF value is used to evaluate the quality of the model. The GoF value of the research model is 0.507 (Figure 4), indicating that the model quality is good.

[image: Figure 4]

FIGURE 4
 PLS-SEM of soybean yield driving relationship. → indicates the path by which the former affects the latter; The solid line represents the path coefficient and the dashed line represents the indirect effect. Red indicates positive influence and blue indicates negative influence.




3.3 The influence of explanatory variables on soybean yield

The PLS-SEM model shows the influence paths and degrees of topographic factors, soil physicochemical properties, and biological factors on soybean yield, interaction paths among all factors, and the relationship between latent variables and measured variables (Figure 4). The path coefficient shows the direction and intensity between the explanatory variable and the response variable. Topographic factors (0.186), soil physical properties (0.512), and soil chemical properties (0.150) had positive effects on soybean yield, whereas biological factors (−0.103) had negative effects on soybean yield. Additionally, topographic factors had negative effects on soil physical properties (−0.131) and soil chemical properties (−0.363), which further affected soybean yield. Soil physical properties had a positive effect on soil chemical properties (0.589), which in turn affected soybean yield. Soil chemical properties had a positive effect on biological factors (0.839), which further affected soybean yield.

Among the topographic factors, the topographic position index is the key factor (0.879), followed by elevation (0.787) and slope (−0.701). Among soil physical properties, soil bulk density is the key factor (−0.917), followed by saturated water content (0.886), total porosity (0.855), capillary water holding capacity (0.837), field water holding capacity (0.763), black soil thickness (0.695), sand particle size (−0.664), clay particle size (0.450), and gravel ratio (−0.439). In soil chemical properties, total nitrogen (0.988) was the key factor, followed by organic carbon (0.981), alkali-hydrolyzed nitrogen (0.974), total phosphorus (0.947), and available potassium (0.467). Among biological factors, β-glucosidase (0.926) was the key factor, followed by catalase (0.914).

Figure 5 shows the total, direct, and indirect effects of each latent variable on soybean yield, as well as the effects among the latent variables. All kinds of factors have a direct or indirect influence on soybean yield, and the effect size of each path is different. In terms of the total effect, soil physical properties were the main driving factors of soybean yield, followed by biological factors, topographic factors, and soil chemical properties. In terms of direct influence, the size of each latent variable’s effect is soil physical properties > topographic factors > soil chemical properties > biological factors. The total effect of topographic factors on soybean yield was positive (0.090), the direct effect was positive (0.186), the indirect effect was negative (−0.095), and the direct effect was greater than the indirect effect. Soil physical properties had positive effects on soybean yield (0.549), mainly direct effects (0.512). The total effect of soil chemical properties on soybean yield was positive (0.150), and the indirect effect was negative (−0.086). The biological factors had a direct negative effect on soybean yield (−0.103). Furthermore, there are complex interactions among the latent variables. Topographic factors had direct negative effects on soil physical properties (−0.131), total negative effects on soil chemical properties (−0.441), and indirect negative effects on biological factors (−0.370). Soil physical properties had a direct positive effect on soil chemical properties (0.589) and an indirect positive effect on biological factors (0.494). Soil chemical properties had a direct positive effect on biological factors (0.839).

[image: Figure 5]

FIGURE 5
 The total, direct, and indirect effects of explanatory variables on soybean yield in PLS-SEM. Top, topographic factors; Phy, Soil physical properties; Che, Soil chemical properties; Bio, Biotic factors.


Figure 6 shows the relative contribution ratio of each latent variable to the soybean yield. The relative contribution of soil physical properties to soybean yield was 68.1%, that of biological factors was 12.7%, that of topographic factors was 11.2%, and that of soil chemical properties was 7.9%. The relative contribution ratio of soil physical properties to soybean yield is more than 50%, making it the main factor affecting soybean yield.

[image: Figure 6]

FIGURE 6
 The relative proportion of total influence of various factors on soybean yield.





4 Discussions


4.1 Model evaluation

In this study, through field sampling, sample testing, and PLS-SEM modeling of influencing factors of soybean yield, the main and secondary factors affecting soybean yield were identified, along with the influence degree and direction of each factor, and the relationships between variables were clarified. PLS-SEM has advantages over traditional methods such as correlation analysis, principal component analysis, and regression analysis in analyzing the influencing factors of soybean yield. Additionally, the goodness-of-fit of the model is 0.507, which indicates that the precision of the model in this study is better than that of related studies using this method (Liu and Zhao, 2023; Wang M. et al., 2023), demonstrating that this model is suitable for exploring the influencing factors of soybean yield. Since this study has not discussed the relationships between indicators within each latent variable, more detailed modeling is needed in future research to explore the interaction paths between indicators within each type of factor.



4.2 Effect of topography on soybean yield

Terrain is one of the factors affecting soybean yield, and topographic factors in the small catchment have a direct positive impact on soybean yield (Figure 4), in which the loadings of the topographic index and elevation on the topographic factor are positive and greater than the negative loading of slope on the topographic factor. In addition, the yield in the lower slope area of the small catchment is the highest, followed by the upper slope and middle slope (Table 2). Thus, the yield is higher in the flatter areas at the bottom and top of the catchment. In addition, topographic factors have indirect negative effects on the yield of the small catchment. Previous studies have shown that the yield at the lower slope is greater than that at the middle or upper slope, and the yield at the higher elevation, slope, and curvature is lower (Sam et al., 2021). Under the regulation of precipitation, when the precipitation is lower than the normal year, the yield is negatively correlated with elevation, slope curvature, etc., while when the precipitation is greater than in normal years, it is positively correlated (Kaspar et al., 2003). The monthly precipitation in the study area was lower than the annual average monthly precipitation, and the topographic factors had indirect negative effects on soybean yield, which is consistent with the results of previous studies. The terrain in this study area further affected the yield of soybeans by influencing the soil physical properties and the migration and distribution of nutrient elements. Topographic attributes influence soil development, erosion, and deposition (Pennock and Dejong, 1987; Walker et al., 1968), which in turn affects crop yields. The soil sand content at the top of the slope is high and the soil layer is thin, while the soil deposit at the bottom of the slope is thick. Especially in years with less precipitation, these characteristics can make the top of the slope less able to provide adequate water and nutrients to the crop, resulting in lower yields. Elevation and slope affect soybean yield by influencing the infiltration and runoff of surface water and groundwater (Hou et al., 2020). Due to gravity, water moves from higher elevations to lower elevations, and an increase in slope reduces water infiltration. Terrain attributes affect the redistribution of water flow and nutrients and thus affect the soybean yield. The precipitation in this study year is lower than the average annual precipitation, and the effect of topography on the redistribution of water and fertilizer is small. Therefore, the indirect effect of topographic factors on soybean yield by influencing soil physicochemical properties was minimal (−0.10) (Figure 4).



4.3 Effects of soil physical properties on soybean yield

In this study, soil physical properties had the greatest impact on soybean yield (Figure 4). The loadings of black soil thickness, clay, total porosity, field water capacity, capillary water capacity, and saturated water content on soil physical properties were positive, and these factors had a positive impact on soybean yield. The loadings of gravel ratio, sand particle size, and bulk density on soil physical properties were negative, which had a negative effect on soybean yield. This is consistent with previous research results (Asadu et al., 2002; de Marins et al., 2018; Lin et al., 2022; Yang et al., 2022). Among these factors, soil bulk density had the largest loading value, followed by saturated water content and total porosity. According to the results of this study, soil improvement in the small catchment is the key to yield improvement. The study area has a high degree of mechanization, so it is necessary to consider the compaction of soil by large-scale agricultural machinery, reduce soil bulk density, increase soil porosity, and improve soil water retention. The black soil layer thickness is an important material basis for crop growth, which is closely related to soil fertility and has a significant positive correlation with crop yield (Duan et al., 2011; Moonilall et al., 2023). On the one hand, it affects crop yield by affecting the expansion space of crop roots; on the other hand, it affects crop growth by affecting the available nutrients of black soil. The thinner the soil, the fewer soil nutrients and the lower its water and fertilizer supply capacity (Wang et al., 2009; Feng et al., 2018; Zhang et al., 2021), thus resulting in lower crop yield. Furthermore, the relationship between soil topsoil thickness or erosion depth and crop yield is not linear (Wang et al., 2009; Zhang et al., 2021), which means that in eroded soils, there may be a threshold for the thickness of the black soil layer that supports sustainable soil production. Therefore, the determination of this threshold value will be of great significance for soil and water conservation and sustainable agricultural production. The influence of soil mechanical composition on crop growth is mainly achieved through soil water retention, aeration performance, and organic matter retention, which have a significant relationship with crop yield (Olivares et al., 2022). In addition, soil mechanical composition affects crop yield by affecting soil porosity. Soil water constant reflects the retention and movement of water in the soil, the degree and grade of moisture, and the extent to which it can be absorbed and utilized by plants. Too wet or too dry soil is not conducive to the absorption of water and nutrients by crops, and soil water status is a key factor affecting crop yield.

The soil physical properties in the study area had direct and indirect effects on soybean yield (Figure 5). It affects crop growth directly by influencing soil nutrient retention and soil thermal properties, and indirectly by influencing soil chemical properties, which in turn affect soil biology and crop yield. There is a direct or indirect relationship between soil physical properties, soil chemical properties, and biological factors, which is consistent with previous research results (Wang C. et al., 2023; Wang et al., 2009). The black soil layer contains a lot of nutrients, and the thickness of the soil layer affects the amount of nutrients in the soil. The thinner the black soil layer, the less the nutrient content in the soil layer, and the less nutrients available for soybeans. Clay particles in the soil can absorb and retain nutrients in the soil, and prevent nutrient loss so that nutrients can be effectively maintained and recycled in the soil. Therefore, clay content in soil can affect soybean yield by affecting nutrient retention and release. Additionally, soil water is the raw material and solvent in the physiological processes of soybeans. The soil water condition not only directly affects the growth of soybeans but also influences their yield by affecting nutrient absorption.



4.4 Effects of soil chemical properties on soybean yield

Soil chemical properties in the study area had a positive overall effect on soybean yield, with organic carbon, total nitrogen, total phosphorus, alkali-hydrolyzed nitrogen, and available potassium being the key factors, which is consistent with previous findings (Liu and Zhao, 2023). Soil organic carbon, nitrogen, phosphorus, and other elements are essential nutrients for soybean growth, and there is a significant relationship between soybean yield and the amount of these nutrients, which directly affect the growth of soybeans. Previous studies have shown that soil nutrient elements further influence crop yield by affecting soil enzyme activity (Wang J. et al., 2021; Cheng et al., 2023), which is consistent with the results of this study. Soil nutrient content affects the metabolic activities of soil microorganisms, and thus affects the activity of soil enzymes, which in turn affects the yield of soybean. Among them, organic carbon, total nitrogen, and available potassium are significantly positively correlated with catalase and β-glucosidase, which can influence the release of root exudates, thus affecting enzyme activity and ultimately influencing crop yield per unit area (Wu et al., 2020; Cheng et al., 2023; Xie et al., 2024). In this study, the relative contribution of nutrient elements to soybean yield was 7.9% (Figure 6), which was the smallest among the four types of influencing factors. This is because the nutrient elements in the black soil are supplemented by applying base fertilizer before soybean sowing and by adding urea and phosphate fertilizer during soybean growth. In addition, the rainfall in the study year was less than the average annual precipitation in the region, the migration of soil nutrients was limited, and the spatial distribution of nutrients was more uniform compared to other years. Therefore, the influence of nutrients on soybean growth in the study area was not the greatest.



4.5 Effects of biological factors on soybean yield

Soil enzymes are mainly synthesized and secreted by microorganisms and living animals and plants, which can promote the decomposition of organic matter, improve nutrient availability, and subsequently promote crop growth and yield. These enzymes are indicators of soil biological activity. Catalase can decompose and transform peroxides in soil, eliminating their adverse effects on soil quality, promoting crop growth, and increasing yield. β-glucosidase can decompose cellulose to produce glucose, which is the main energy source for the survival of soil microorganisms. Its activity directly affects the decomposition of soil organic carbon and its complexes. In this study, biological factors had a direct negative effect on soybean yield. Previous studies have shown that soil catalase and β-glucosidase are significantly positively correlated with crop yield (Wang J. et al., 2021; Xie et al., 2024), contrary to the results of this study. This discrepancy may be due to soil enzyme activity being influenced not only by soil nutrients but also by soil hydrothermal conditions, crop type, and other factors, and it may also change with nutrient content and crop growth stages (Zhou et al., 2013). Soil enzyme activity is coordinated with the crop’s fertilizer demand. When the nutrient demand of crops decreases, enzyme activity also decreases. In this study, soil samples were mainly collected in August, During August, soybeans in this area entered the seed formation stage, where reproductive growth dominates, and there is a rapid transfer of nutrients to seeds. Although soybeans need a lot of nutrients and water at this stage, the absorption capacity of the root system is seriously decreased. Coupled with the spraying of foliar fertilizer, soybeans show a decreased demand for soil nutrients, which in turn reduces soil enzyme activity.




5 Conclusion

In this study, a sample site was established in Hebei Catchment, Nenjiang City, Heilongjiang Province, and soybean yield and its influencing factors, including terrain, soil physical properties, soil chemical properties, and biological factors, were collected and measured, including terrain, soil physical properties, soil chemical properties, and biological factors. The PLS-SEM model was used to study the effects of these explanatory variables on soybean yield at a small catchment scale, and the path relationships between them were fitted. The results showed that the total effects of topographic factors, soil physical properties, and soil chemical properties on soybean yield were positive, whereas the total effects of biological factors on soybean yield were negative. Regarding total effects, soil physical properties had the greatest impact on soybean yield, followed by biological factors, topographic factors, and soil chemical properties. The relative contributions of soil physical properties, biological factors, topographic factors, and soil chemical properties to soybean yield were 68.1, 12.7, 11.2, and 7.9%, respectively. It was concluded that soil physical properties were the key factors affecting soybean yield, with black soil thickness, gravel ratio, sand, clay, bulk density, total porosity, field water capacity, capillary water capacity, and saturated water content being the most significant factors. Soil physical properties primarily affected soybean yield directly and indirectly by influencing soil chemical properties and biological factors. On one hand, soil physical properties directly affected soybean yield; on the other hand, they affected soybean yield by influencing soil chemical properties. Additionally, soil physical properties influenced soil chemical properties, which in turn affected biological factors, ultimately impacting soybean yield. The research results have important theoretical and practical significance for understanding the driving factors of soybean yield in a small catchment in the Northeast Black Soil Region and have practical implications for soil management decision-making.
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