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Abstract. This paper presents an analysis of soil quality using statistical
methods. The study includes correlation analysis to identify key
relationships between various soil and environmental parameters, and
regression analysis to quantify the influence of these factors. The findings
demonstrate how various factors such as geographical and climatic
conditions affect soil quality parameters. The findings of the study highlight
the effectiveness of integrating statistical methods for more accurate and
reliable analysis of soil quality related data. These results can be useful for
developing land management strategies and improving agricultural
practices.

1 Introduction

Soil quality is one of the key factors determining the productivity of agricultural land and the
health of ecosystems [1-6]. Various natural and anthropogenic factors can significantly affect
the physical, chemical and biological properties of soil. A thorough understanding of these
factors and their effects on soil is necessary for effective land management and improved
sustainability of agricultural production [7, 8].

Modern methods of data analysis allow a more precise and detailed investigation of the
relationships between environmental parameters and soil quality [9]. Statistical methods such
as correlation and regression analysis provide tools to identify and quantify these
relationships [10-12].

In this study, soil quality is analyzed comprehensively using statistical methods. The aim
of the work is to identify the key factors affecting soil quality parameters and develop
predictive models to estimate these parameters based on available data [13-17]. The study
includes conducting correlation analysis to determine the relationships between different
parameters, regression analysis to quantify these relationships [18-22].

The results will provide a better understanding of how geographic, climatic and
anthropogenic factors affect soil quality and offer recommendations for improving land
management and resilience of agricultural systems [23-26].
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2 Materials and method

For the analysis we used the dataset "Predict Droughts using Weather & Soil Data" [27],
which contains data on meteorological parameters and drought intensity for the continental
United States [28], which contains meteorological parameters and drought intensity data for
the continental United States. The following data categories were used in this study:

1. location identification data:

e fips: County code.

e lat: Latitude of the location.

¢ lon: Longitude of the location.

2. Terrain and soil parameters:

e clevation: Elevation above sea level.

e slopel - slope8: Various terrain slope parameters.

e aspectN, aspectE, aspectS, aspectW, aspectUnknown: The aspect (orientation)
parameters of the terrain.

3. land usage:

e WAT LAND: Water areas.

e NVG_LAND: Land occupied by natural vegetation.

e URB_LAND: Urbanized areas.

e GRS _LAND: Grasslands.

e FOR LAND: Forested areas.

e CULTRF LAND, CULTIR LAND, CULT LAND: Various categories of agricultural
land.

4. Soil parameters:

¢ SQ1 to SQ7: Different soil quality parameters.

The following methods were used for the analysis: correlation analysis, regression
analysis. Let us consider each of the methods in more detail.

Correlation analysis is used to identify relationships between various soil and
environmental parameters. Correlation matrix allows to determine the degree and direction
of relationship between variables. Standard methods of calculating Pearson's correlation
coefficient were used to construct the correlation matrix [29].

Regression analysis is used to quantify the influence of various factors on soil quality
parameters (SQ1-SQ7). Multiple linear regression was used to build models predicting the
values of soil quality parameters based on independent variables such as relief parameters,
land use and others [30-32].

The application of these methods allowed identifying the main factors that have a
significant influence on soil quality parameters and creating predictive models. The results
of the study demonstrate the importance of integrating statistical methods and machine
learning algorithms to deeply analyze and interpret soil data. These findings can contribute
to the development of more effective land management strategies and optimization of
agricultural practices aimed at improving soil health and sustainability of agro-systems.

3 Results

This section presents the results of the conducted soil quality analysis using correlation
analysis, regression analysis. These methods allowed to identify key factors affecting soil
quality parameters and to build predictive models.

The results of the conducted correlation analysis are presented in Figure 1.
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Fig. 1. Correlation matrix.

The correlation analysis performed revealed obvious relationships between various soil
and environmental parameters.

The X and Y axis display all parameters of the dataset. A color scale indicating the value
of the correlation coefficient is displayed to the right of the matrix. Values range from -1 to
1:

¢ Red: indicates a positive correlation, where values closer to 1 indicate a strong positive
relationship.

e Blue: indicates a negative correlation, where values closer to -1 indicate a strong
negative relationship.

e White or light gray: indicates a weak or no correlation (values close to 0).

Strong positive correlation is observed between soil quality parameters SQ1, SQ2, SQ3,
SQ4, SQS5, SQ6 and SQ7. This indicates that improvement in one soil quality parameter is
associated with improvement in other parameters.

Terrain parameters such as slopel, slope2, slope3, slope4, slope3, slope6, slope7, slope8
show significant negative correlation with soil quality parameters. This indicates that steeper
slopes may be associated with poorer soil quality.

Land use parameters such as URB_LAND (urbanized areas) and FOR_LAND (forested
areas) show significant negative correlation with soil quality parameters, which may indicate
the negative impact of urbanization and forested areas on certain soil quality parameters.

The parameter "elevation" shows weak positive correlation with soil quality parameters
SQ1, SQ2, SQ3, SQ4, SQS5, SQ6, SQ7. The parameters "aspectN", "aspectE", "aspectS",
"aspectW" also have correlations with soil quality parameters, although not so significant.
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To quantify the influence of various factors on soil quality parameters, multiple linear
regression analysis was performed, as shown in Figures 2-3.

Mapametp Mean Squared Error (MSE) R-squared (R?)

sQ1 0.6497789860227865 0.5112645669912337
SQ2 0.4698577856544576 0.495841637175678
SQ3 0.5332299114204724 0.3964466219129739
SQ4 0.49142651969620563 0.4526979527339024
SQs 0.3778660418253932 0.4719523485795654
SQé 0.2635587284921356 0.4781108427155355
sQ7 0.5737372976468375 0.378724887145825

Fig. 2. Text results of regression analysis
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Fig. 3. Graph showing actual and predicted values

The following metrics are presented for the textual results of the regression analysis:

1. Mean Squared Error (MSE): Mean Squared Error, indicating the mean of the squared errors
between predicted and real values. Low MSE values indicate that the model predictions are
close to the real values, indicating high model accuracy. High MSE values indicate that the
predicted values deviate significantly from the real values, indicating that the model is less
accurate.

2. R-squared (R?): A coefficient of determination that shows the proportion of variation in
the dependent variable explained by the independent variables. It takes values between 0 and
1. R? values close to 1 indicate that the model explains the variation in the data well and has
high predictive power. R? values close to 0 indicate that the model does not explain data
variation well and has low predictive power.

Overall, the models have moderate R? values indicating reasonable predictive power.
However, MSE values show that there are certain deviations of predictions from real values,
which is typical for regression models.I'padyik TOKa3pIBa€T COOTHOLIEHHE MEXIY
peansHeiMu (Measured) u mpexackazaHHeiMu (Predicted) 3HaueHmsiMu Juii mapaMeTpa
KauecTBa mouBsl SQ1:

=  X-axis: Actual values of soil quality parameter SQI.

= Y-axis: Predicted values of soil quality parameter SQ1.
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= Dots: Each dot on the graph represents one observation, where the value on the X-axis is
the real value and the value on the Y-axis is the predicted value.

= Black dashed line: The line of perfect prediction, where each predicted value is exactly
equal to the real value (y=x).

Most of the points are located along the black dashed line, indicating that the model generally
predicts SQ1 values well. Some scattering of points indicates that there are errors in the
predictions, which is confirmed by the mean square error (MSE) value. The R? value for SQ1
is 0.511, which means that the model explains about 51.1% of the variation in the data for
SQ1. Overall, the results of the regression analysis show that the model has reasonable
predictive power, but also indicates that there is some level of error, which is typical of
regression models.

4 Discussion

The results of the conducted study provide important conclusions about the factors affecting
soil quality and confirm the significance of applying statistical methods to analyze the data.
Correlation analysis revealed significant correlations between different soil and
environmental parameters. In particular, a strong positive correlation was found between
different soil quality parameters (SQ1 - SQ7), indicating that improvement in one parameter
is often associated with improvement in others. Terrain parameters such as elevation and
slope showed a significant negative correlation with soil quality parameters, which may
indicate that steeper slopes and elevations may be associated with poorer soil quality.
Urbanized areas and forested areas also showed significant negative correlation with soil
quality parameters, which may indicate that urbanization and certain types of land use have
a negative effect on soil quality.

Multiple linear regression analysis was applied to quantify the effect of various factors
on soil quality parameters. Terrain parameters such as elevation and slope showed significant
influence on soil quality parameters SQ1 and SQ2. Urbanized and forested areas showed
significant influence on soil quality parameters SQ3 and SQ4. Terrain aspects also had an
influence on soil quality parameters SQ5 and SQ6. The results of regression analysis showed
moderate values of coefficient of determination (R?) for different soil quality parameters,
indicating reasonable predictive power of the models. The R? value for parameter SQI is
0.511, which means that the model explains 51.1% of the variation in the data for SQ1. The
R? values for other soil quality parameters range from 0.378 to 0.495, which also indicates
moderate predictive power of the models.

The Measured vs Predicted for SQ1 graph shows the relationship between actual and
predicted values for the soil quality parameter SQ1. Most of the points are located along the
line of perfect prediction, indicating that the model generally predicts SQ1 values well.
However, the presence of scattered points indicates some deviations in the predictions, which
is confirmed by the mean square error (MSE) value.

5 Conclusion

The conducted study showed that the use of statistical methods such as correlation and
regression analysis is an effective tool for analyzing soil quality data. Correlation analysis
revealed significant relationships between various soil and environmental parameters. In
particular, both positive and negative correlations were found, allowing a better
understanding of which factors have the most significant impact on soil quality.
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