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The Polissya and the Forest-Steppe constitute a substantial portion of Ukraine's territory, exhibiting considerable potential 
for the advancement of agricultural and forestry activities. It is of the utmost importance that the economic utilisation of the 
territory is conducted in a manner that ensures the sustainability of ecological systems and the fulfilment of ecosystem functions. 
The question of how the dynamics of the erosion potential of precipitation affect crop yields at the regional level remains unans-
wered. This study identifies patterns of spatial and temporal variability in the erosion potential of precipitation and determines the 
impact of anthropogenic landscape modification due to agricultural production on soil erosion risks. The coefficient of atmos-
pheric erosion exhibited a range of 179.9 ± 114.7 (in 2015) to 616.0 ± 468.9 (in 1974) MJ mm/ha h per year. The temporal 
dynamics of this indicator within each administrative district exhibited a positive or negative trend of change over time. The 
overall level of erosion from precipitation exhibited an upward trend in the western and northwestern regions of the study area. 
In the central and eastern regions of the study area, there is evidence of a decline in erosion over time. The spatially weighted 
principal components analysis postulates that the covariance structure varies in a spatial manner, thereby enabling the identifica-
tion of areas with smaller spatial coverage where the structure is constant. The identified principal components indicate the pres-
ence of oscillating time trends, characterised by different frequency characteristics. The spatial characteristics of the principal 
components of higher-order numbers can be attributed to the influence of the geographical continentality factor. Polissya is 
distinguished by soils with a relatively high sand content, which frequently renders them unsuitable for agricultural use. Conse-
quently, these regions exhibit a relatively high level of forest cover. The southern and eastern regions are distinguished by soil 
types with granulometric compositions that are conducive to agricultural productivity. This frequently coincides with the process 
of deforestation. The variations in precipitation that generate the patterns identified by principal components 3–5 can be attri-
buted to the influence of different land cover types. This provides an explanation for the formation of patterns of variability in the 
rainfall erosion coefficient, which is consistent with the level of forest cover. The influence of coniferous vegetation gives rise to 
the emergence of factor 4, whereas factor 5 is induced by the influence of herbaceous vegetation. It is also crucial to consider the 
substantial impact of agricultural land on the formation of spatial patterns of erosion coefficient variability. This influence may be 
the result of a formal correlation between the variability of agricultural land in different biogeographic zones.  

Keywords: climate change; spatial pattern; temporal dynamic; landscape; soil cover.  

Introduction  
 

Soil erosion represents a significant environmental challenge, emer-
ging as a consequence of agricultural intensification, land degradation, and 
other anthropogenic activities (Yakovenko et al., 2023). The process of 
water erosion involves three principal physical elements: soil, water, and 
plants. In light of this, three independent variables were identified as exer-
ting control over the erosion process: soil erodibility, potential erodibility, 
and the protective capacity of the cover (Cook, 1937; Pandey et al., 2021). 
A variety of methods exist that are based on different factors, including 
land use, soil quality, and topography, among others, for the assessment of 
a region's vulnerability to soil loss. RUSLE is the most widely utilised 
method globally for forecasting long-term erosion rates, encompassing the 
scale of an individual field and extending to the spatial level of a geogra-
phic area (Wischmeier & Smith, 1978). The fundamental premise of 
RUSLE is that the processes of delamination and deposition are contin-
gent upon the sedimentary composition of the flow (Zerihun et al., 2018).  

The extent of erosion is not contingent on the source of the material 
being eroded; rather, the rate of erosion is dependent on the flow capacity 

(Ganasri & Ramesh, 2016). Once the sediment load reaches the flow-car-
rying capacity, delamination is no longer possible. Furthermore, sedimen-
tation must also occur during the recession phase of the hydrograph, as the 
flow velocity decreases. The rainfall erosivity factor (R) in the RUSLE 
water erosion model is a measure of the impact of rainfall intensity on soil 
erosion. In order to calculate this factor, it is necessary to have access to 
detailed, continuous rainfall data (Wischmeier & Smith, 1978; Zerihun 
et al., 2018). R is an indicator of the two most significant characteristics of 
a storm that determine its erosive potential (Ganasri & Ramesh, 2016). 
Specifically, the focus is on the amount of precipitation and the peak inten-
sity that persist over an extended period of time (Gámez-Balmaceda et al., 
2020). A number of studies have demonstrated a direct correlation bet-
ween soil loss from cultivated fields and the kinetic energy and intensity of 
precipitation (Majewski & Szpikowski, 2024). The rainfall erosivity factor 
used in RUSLE quantifies the impact of droplet impact (Nearing et al., 
2017), and also reflects the amount and rate of runoff that can be associa-
ted with precipitation (Dash & Maity, 2023).  

The forecasting of future changes in soil erosion is contingent upon 
the modelling of prospective rainfall erosion, alterations in land use, and 
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the influence of policies on soil loss (Panagos et al., 2017). It seems pro-
bable that the ongoing and projected climate change will affect soil erosi-
on through a number of different mechanisms, including increased rain-
fall, changes in precipitation, changes in humidity, and changes in vegeta-
tion cover (Christensen et al., 2015). A rise in precipitation intensity, parti-
cularly the occurrence of greater numbers of extreme precipitation events, 
is expected to have the most significant impact of climate change on soil 
erosion (Westra et al., 2014). The greatest impact on the future will result 
from changes in the erosive power of rainfall (Nearing, 2001). The current 
generation of global climate models lacks the capacity to directly calculate 
the R-factor as a function of precipitation intensity and energy. In order to 
predict changes in the R-factor based on a global climate model, statistical 
relationships between monthly and annual precipitation and rainfall-indu-
ced erosion must be employed (Renard & Freimund, 1994). Based on the 
projected impact of rainfall on soil erosion alone, the future climate change 
scenario for 2100 indicates an anticipated average increase of 20% in soil 
erosion on agricultural land in Japan (Shiono et al., 2013).  

The Polissya and Forest-Steppe regions represent a substantial portion 
of Ukraine's territory, exhibiting considerable potential for the advance-
ment of agricultural and forestry activities (Zymaroieva et al., 2021). It is 
of the utmost importance that the active economic utilisation of the territo-
ry is conducted in a manner that guarantees the sustainability of ecological 
systems and the fulfilment of ecosystem functions. The question of how 
precipitation erosion potential dynamics affect crop yields at the regional 
level remains unanswered. Accordingly, the objective of this study was to 
identify patterns of spatial and temporal variability of the erosive potential 
of precipitation and to determine the impact of anthropogenic landscape 
modification due to agricultural production on soil erosion risks.  
 
Materials and methods  
 

The RUSLE model was employed to estimate annual soil loss. The 
RUSLE model was developed to predict long-term average annual soil 
loss. A modern computer interface facilitates the utilisation of RUSLE, 
whereby physically meaningful input values, widely available in existing 
databases or easily obtainable from DEM and satellite imagery, are utili-
sed (Kim et al., 2005). The RUSLE model represents the optimal availab-
le tool for practical erosion prediction, offering a straightforward approach 
that can be readily implemented at the local or regional level. Furthermore, 
numerous parameters, including slope, aspect, and others derived from di-
gital elevation models (DEM) and land use/land cover (LULC) data from 
satellite imagery, can be readily incorporated into RUSLE (Zerihun et al., 
2018). A limitation of the RUSLE model is its inability to route sediment 
through channels. Consequently, its application is constrained to water-
sheds of a specific size. Consequently, the model in its original form is not 
applicable to a very large watershed (Rieke-Zapp & Nearing, 2005). The 
RUSLE method is applied by representing the basin as a grid of square 
cells, with the soil erosion calculated for each cell.  The RUSLE equation 
is employed to calculate the anticipated average annual erosion on field 
slopes (Wischmeier & Smith, 1978):  

A = R + K + LS + C + P,  
where the term "A" represents the calculated spatial average soil loss and 
temporal average soil loss per unit area, expressed in the units selected for 
"K" and for the specified period selected for "R." In practice, these are ty-
pically selected such that A is expressed in tonnes per hectare per year 
(t/ha*year), R is the rainfall-runoff erosion factor, which is the rainfall ero-
sion rate plus a factor for any significant runoff from snowmelt, expressed 
in MJ mm/ha*h per year, and K is the soil erosion factor, which is the fac-
tor of soil loss per unit of the erosion index for a given soil measured on a 
standard plot, defined as a 22. The slope length factor (L) is the ratio of soil 
loss from the length of the field slope to the soil loss from a standard plot 
measuring 22 m². A 1 m long slope under identical conditions; S is the slo-
pe steepness factor, which is the ratio of soil loss from the field slope gra-
dient to the soil loss from a 9% slope under otherwise identical conditions; 
C is the cover management factor, which is the ratio of soil loss from an 
area with a given cover and management to soil loss from an identical area 
under cultivated continuous break; P is the practical support factor, which 
is the ratio of soil loss with support such as contouring, strip mowing or 
terracing to soil loss with straight up and down slope farming. The L and S 

factors represent the non-dimensional effects of slope length and steep-
ness, respectively. The C and P factors represent the non-dimensional ef-
fects of cropping and management systems, as well as erosion control 
practices. In general, the parameters of the RUSLE equation were classifi-
ed into three categories: erosion susceptibility, erosion sensitivity, and ma-
nagement factors. All of these parameters were derived from geomorpho-
logical and precipitation characteristics (Zerihun et al., 2018).  

In order to calculate the R factor, our study employed the use of preci-
pitation data spanning a period of 64 years (1960-2023). This data was uti-
lised in accordance with the following equation (Wischmeier & Smith, 
1978):  

𝑅𝑅 =  � 1.735 × 10
(1.5𝑙𝑙𝑙𝑙𝑙𝑙10�

𝑃𝑃𝑖𝑖
2

𝑃𝑃 �−0.08188)
12

𝑖𝑖=1

 

where R is the precipitation erosion factor (MJ mm/ha*h per year); Ri is 
monthly precipitation (mm); P is annual precipitation (mm).  

WorldClim 2, based on a dataset of spatially interpolated monthly cli-
mate data for global land areas with a very high spatial resolution (appro-
ximately 1 km2), was used as a spatial sample of precipitation in the study 
area (Fick & Hijmans, 2017; Cedrez & Hijmans, 2018). The WorldClim 
2 raster models were constructed for the period between 1960 and 2023.  

The regression dependence of the species was calculated for each 
administrative district:  

R = a + b * Y,  
where R is the precipitation erosion factor, Y is the year from 1960 to 
2023, and a and b are the regression coefficients. The regression coeffici-
ent b indicates a linear trend in the change of the precipitation erosion fac-
tor over time. Linear regression is able to explain a certain part of the vari-
ance of the precipitation erosion factor. In the subsequent analysis, we 
used the residuals of the regression model. The variability of these residu-
als is also likely to be of a complex nature. The variation in the residuals of 
the linear regression model contains random noise associated with objecti-
ve errors in the original data. In addition, a component associated with re-
gular causes of an environmental nature can be expected in the regression 
residuals.  

Prior to the application of principal component analysis, it is essential 
to address the following question: Has an adequate sample size been ob-
tained for statistical analysis? It is necessary to ascertain whether there is 
any redundancy between the variables. The suitability of the data set for 
principal component analysis was evaluated using the Kaiser-Meyer-Ol-
kin (KMO) index. The Kaiser-Meyer-Olkin measure of sample adequacy 
indicates the proportion of variance in the variables that can be explained 
by the principal components. Values approaching 1.0 typically indicate 
the potential utility of factor analysis for empirical data. A value below 
0.50 indicates that the results of factor analysis are likely to be of limited 
utility (Kaiser, 1974). Furthermore, the feasibility of utilising principal 
component analysis on empirical data can be ascertained through Bartlett's 
test of sphericity (Bartlett, 1951). The statistically significant number of 
principal components was parallelised using Horn's analysis (Horn, 1965), 
which also helped to correct the sampling bias when retaining compo-
nents. The standard PCA, which assumes that the components are inde-
pendent of location, should be replaced by Geographically Weighted 
Principal Components Analysis (GWPCA) in order to account for spatial 
heterogeneity in the structure of multivariate data (Harris et al., 2011), to 
account for spatial heterogeneity in the structure of multidimensional data 
(Lloyd, 2010). In this manner, GWPCA is capable of discerning regions 
where the assumption of a uniform underlying structure is either inappro-
priate or overly simplistic. GWPCA is able to estimate two key aspects: 
firstly, how the effective dimensionality of the data varies in space, and 
secondly, how the original variables affect each component that varies in 
space (Fernández et al., 2018).  

A Monte Carlo test was employed to ascertain whether the local 
eigenvalues derived from Geographically Weighted Principal Compo-
nents Analysis (GWPCA) exhibit significant spatial differences, thereby 
justifying the utilisation of GWPCA. The pairwise sample locations are 
successively randomised among the set of data variables. Following each 
randomisation, the GWPCA is applied, and the standard deviation (SD) of 
a specific local eigenvalue is calculated. Subsequently, the actual or true 
standard deviation (SD) of the identical local eigenvalue is incorporated 
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into the ordered SD distribution. The position of the local eigenvalue 
within this ranked distribution is indicative of the extent of significant spa-
tial variation (Harris et al., 2011). The time-varying variables (principal 
components) were subjected to autocorrelation analysis, which identified 
time lags with statistically significant temporal autocorrelation (Damos, 
2016). The cluster analysis was performed in R.  
 
Results  
 

Linear time trend in rainfall erosion variability. The precipitation ero-
sion coefficient exhibited a range of 179.9 ± 114.7 (in 2015) to 616.0 ± 
468.9 (in 1974) MJ mm/ha*h per year. The temporal dynamics of this in-
dicator within each administrative district were characterised by a positive 
or negative trend of changes over time. The upward trend in the overall le-
vel of precipitation erosion was typical of the western and north-western 
regions of the area (Fig. 1).  

In the central and eastern regions of the area under study, a downward 
trend in precipitation erosion was observed over time. The linear trend was 
found to account for between 0 and 15.3% of the variability in precipitati-
on erosion over time. The most significant linear trend over time was ob-
served in the south-eastern region. For the purposes of further analysis, the 
time trend was removed from the data set, which was then subjected to 
further statistical procedures.  

a   

b  

Fig. 1. Spatial variation of the temporal linear trend of precipitation  
erosion factor variability (a) and the coefficient of determination  

of the temporal linear model (b)  

Global principal component analysis. The variability of the precipita-
tion erosion factor was investigated for 203 administrative districts for 64 
variables (years). Since the KMO is 0.16, according to Kaiser's rule of 
thumb, the data should be considered not very suitable for principal com-
ponent analysis. Nevertheless, Bartlett's test of sphericity (P < 0.05) indica-
tes that principal component analysis can be applied to such data. The glo-
bal principal component analysis identified 5 statistically significant princi-
pal components that together were able to explain 84.8% of the variation 
in the detrended rainfall erosion data (Table 1).  

Table 1  
Results of the global principal component analysis 

Principal  
component 

Adjusted  
eigenvalue* Eigenvalue Shift Variation  

explained 
Standard  
deviation 

1 20.35 21.66 1.31 20.35 4.68 
2 14.54 15.73 1.19 14.54 3.47 
3   9.06 10.16 1.10   9.06 3.27 
4   4.47   5.49 1.02   4.47 2.16 
5   2.40   3.35 0.95   2.40 1.73 

Notes: * – according to the Horn procedure.  

Years of research in the principal component space form certain pat-
terns. The properties of the principal components can be better understood 
by presenting their variability in time (Fig. 2) and space (Fig. 3). All of the 
principal components contrast a particular sequence of years with another 
sequence of years in terms of rainfall erosion, which has a certain spatial 
structure. Principal component 1 is the most sensitive to the fluctuations in 
rainfall erosion variability with periods of 1, 5, and 11 years (Fig. 3). This 
principal component contrasts the northeastern part of the region with its 
western part (Fig. 2). Principal component 1 is positively correlated with 
clay and silt content in the soil, and negatively correlated with sand content 
(Table 2). The values of this principal component are higher in those land-
scapes where the proportion of broadleaf forests and meadows is higher 
and the proportion of agricultural areas is lower.  

Principal component 2 is sensitive to the variability components with 
periods of 3, 7 and 9 years. This principal component assigns the south-
western part to all other areas. Principal component 2 is positively correla-
ted with soil organic matter and sand, but negatively correlated with clay 
and silt. Higher values of this principal component are found in landscapes 
with a higher proportion of coniferous, broadleaved or mixed forests, but a 
lower proportion of agricultural areas or sparse vegetation.  

Principal component 3 is sensitive to variability components with pe-
riods of 4, 7 and 14 years. It contrasts the dynamics of fluctuations in the 
northwest and southeast of the region. Principal component 3 is positively 
correlated with soil organic carbon and sand content and negatively corre-
lated with clay and silt content. Higher values of this principal component 
are found in landscapes with a higher proportion of coniferous, broadleaf 
or mixed forests, but a lower proportion of agricultural areas or sparse ve-
getation.  

Principal component 4 is sensitive to the components of variability 
with periods of 5, 10 and 14 years. It contrasts the dynamics of oscillatory 
processes in the centre with those in the north of the region and other 
areas. Principal component 4 is positively correlated with clay content and 
negatively correlated with soil organic carbon and sand content. This com-
ponent is positively correlated with the proportion of rainfed land or grass 
or sparse vegetation cover and negatively correlated with the proportion of 
broadleaf, coniferous or mixed forests.  

Principal component 5 is sensitive to variability components with pe-
riods that are multiples of 2 years: an increase in precipitation erosion in 
the following year is accompanied by a decrease in precipitation erosion 
the year after. It contrasts the dynamics of oscillatory processes in the cen-
tre of the region and in other areas. Principal component 5 is negatively 
correlated with organic carbon content. This component is negatively cor-
related with the proportion of agricultural land and the mosaic of vegetati-
on of different origin and agricultural land.  

Geographically weighted principal component analysis. The Monte 
Carlo test was conducted with the objective of determining whether the ei-
genvalues of the data matrix are characterised by a spatial component of 
variation. The level of significance for testing the standard deviation of the 
local eigenvalues derived from the GWPCA results is 0.01. This value in-
dicates that the hypothesis of spatial invariance of the local eigenvalues 
can be statistically significantly rejected. Alternatively, it may be interpre-
ted as evidence of a high level of spatial non-stationarity present in the 
rainfall erosivity factor data.  

A decision must be made regarding the number of principal compo-
nents to be retained prior to identifying the optimal pass-through window. 
The preliminary global principal component analysis indicates that the 
first two components together can explain 55.0% of the variation in the 
data structure. It is therefore reasonable to retain the two components for 
further GWPCA processing. In the process of selecting an adaptive win-
dow, the optimal window of 220 nearest neighbours was established and 
selected for the GWPCA procedure. In order to obtain the corresponding 
results of the global principal component analysis, only the first two princi-
pal components (GWPC 1 and GWPC 2) were interpreted for compari-
son purposes.  

The results of the GWPCA procedure can be visualised and interpre-
ted by focusing on two key aspects: firstly, how the dimensionality of the 
data varies spatially, and secondly, how the original variables influence the 
principal components. The proportion of spatial variation in the total varia-
tion is observed to exhibit a notable degree of variability, with the formati-
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on of spatially homogeneous clusters in the meridional direction (Fig. 4). 
In comparison to a global principal component analysis, the GWPCA me-
thod has been demonstrated to be an efficient and effective approach for 
analysing the spatial patterns of regional precipitation erosion distributions, 
through the mapping of the spatial variability of principal components.  

Two homogeneous clusters were identified based on the results of the 
GWPC 1 cluster analysis (Fig. 5). These clusters divide the study area into 
two zones: eastern and western. Cluster 1, which occupies the eastern part 
of the region, is characterised by an oscillatory process with autocorrelati-
on with a lag of 2, 6 and 8 years (Fig. 6). Cluster 2 covers the western part 
of the territory and is characterised by an oscillatory process with a lag of 
5, 10 and 13 years. The phase spectrum indicates that the oscillatory pro-

cesses in clusters 1 and 2 are related and are the result of a phase shift with 
a lag that corresponds to the most important autocorrelation processes. 
Three homogenous clusters were identified based on the results of the 
GWPC 2 cluster analysis (Fig. 5). These clusters divide the study area into 
three zones: eastern, western and northern intercalary. Cluster 1, which oc-
cupies the eastern part of the region, is characterised by an oscillatory pro-
cess with autocorrelation with lags of 2, 6 and 8 years (Fig. 7). Cluster 2 
covers the western part of the territory and is characterised by an oscillato-
ry process with a lag of 5, 10 and 13 years. The phase spectrum indicates 
that the oscillatory processes in clusters 1 and 2 are related and are the re-
sult of a phase shift with a lag that corresponds to the most important auto-
correlation processes.  

a 
1960 1967 1974 1981 1988 1995 2002 2009 2016

-0.25

-0.15

-0.05

0.05

0.15

0.25

PC
 1

 b 
1960 1967 1974 1981 1988 1995 2002 2009 2016
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 d 
1960 1967 1974 1981 1988 1995 2002 2009 2016

-0.4

-0.3

-0.2

-0.1

0.0

0.1

0.2

0.3

PC
 4

 

e 
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-0.3
-0.2
-0.1
0.0
0.1
0.2
0.3
0.4
0.5

PC
 5

 

Fig. 2. Time variation of the loadings of principal components 1–5: a is the principal component 1 (autocorrelation 0.14 ± 0.09 for lag 1, 0.10 ± 0.09  
for lag 5 and –0.23 ± 0.11 for lag 11), b is the principal component 2 (autocorrelation –0.20 ± 0.12 for lag 3, 0.28 ± 0.12 for lag 7 and –0.21 ± 0. 12  
for lag 9), c is the principal component 3 (autocorrelation –0.18 ± 0.09 for lag 4, 0.12 ± 0.09 for lag 7 and 0.13 ± 0.11 for lag 14), d is the principal  

component 4 (autocorrelation –0. 18 ± 0.09 for lag 5, –0.19 ± 0.09 for lag 10 and –0.24 ± 0.11 for lag 14), e is the principal component 5  
(autocorrelation –0.40 ± 0.12 for lag 1 and 0.26 ± 0.12 for lag 2)  

Discussion  
 

Rainfall represents a significant contributing factor to soil erosion (Pa-
nagos et al., 2015). The impact of water erosion on soil quality and pro-
ductivity is multifaceted. It can be observed that water erosion reduces the 
infiltration rate, water holding capacity, nutrient content, organic matter, 
soil biota and soil thickness (Pimentel et al., 1995). The effect of the kine-
tic energy of a raindrop impact and the rate of runoff on soil erosion is 
quantified by the rainfall erosivity factor (R-factor), which is dependent on 

both the total amount of precipitation that falls during the year and its re-
distribution during the year. The estimated value of the R-factor within the 
study area is lower than the EU average, which is 722 MJ mm/ha*h per 
year (Panagos et al., 2015). The estimated value falls within the range of 
variation that is typical of the Boreal and Continental biogeographic re-
gions. The Boreal region has an estimated value of 359.5 MJ mm/ha*h 
per year, while the Continental region has an estimated value of 695.7 MJ 
mm/ha*h per year. The R-factor, or rainfall erosivity, is a pivotal parame-
ter for evaluating soil erosion losses and soil erosion risk. The occurrence 

410 



 

Biosyst. Divers., 2024, 32(4)  

of extreme rainfall and high erosion can result in a reduction or even the complete destruction of the yield of perennial crops.  
 

 
Fig. 3. Spatial variability of principal component 1–5: a is the principal component 1 (λ = 20.71, 35.48% of the explained variation),  

b is the principal component 2 (λ = 10.97, 19.56% of the explained variation), c is the principal component 3 (λ = 9.69, 17.35% of the explained variation),  
d is the principal component 4 (λ = 3.68, 7.53% of the explained variation), e is the principal component 5 (λ = 2.07, 4.84% of the explained variation)  

Table 2  
Correlation between principal components and ecological properties of the territories (correlation coefficients are statistically significant for P < 0.05) 

Variables Principal components 
PC 1 PC 2 PC 3 PC 4 PC 5 

Soil  
properties 

Organic matter – 0.67 0.16 –0.36 –0.32 
Clay 0.15 –0.52 –0.52 0.35 – 
Sand –0.15 0.54 0.44 –0.21 – 
Silt 0.14 –0.54 –0.29 – – 

Types  
of land-
scape  
cover 
(Glob-
Cover) 

Rainfed croplands – –0.52 –0.35 0.35 – 
Mosaic Croplands (50–70%) / Vegetation (grassland/shrubland/forest) (20–50%) –0.44 –0.23 –0.14 – –0.18 
Mosaic vegetation (grassland/ shrubland/ forest) (50–70%) / cropland (20–50%) 0.29 – –0.55 – –0.19 
Closed (>40%) broad-leaved deciduous forest (>5m) 0.32 0.31 0.41 – – 
Closed (>40%) needle-leaved evergreen forest (>5m) – 0.29 0.19 –0.43 – 
Open (15–40%) needle-leaved deciduous or evergreen forest (>5m) – 0.44 0.25 –0.35 – 
Closed to open (>15%) mixed broad-leaved and needle-leaved forest (>5m) – 0.41 0.33 –0.40 – 
Mosaic grassland (50–70%) / forest or shrubland (20–50%) 0.54 – – 0.26 – 
Closed to open (>15%) herbaceous vegetation (grassland, savannas or lichens/mosses) 0.40 – – 0.15 – 
Sparse (<15%) vegetation – –0.26 –0.42 0.27 – 
Closed to open (>15%) grassland or woody vegetation on regularly flooded or waterlogged soil 
– Fresh, brackish or saline water – – – – – 
Artificial surfaces and associated areas (Urban areas >50%) – – – – – 
Water bodies – – – – – 
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Fig. 4. Spatial variation of the percentage of total variation (PTV)  

of the first two principal components  

An understanding of the spatial and temporal dynamics of the R-fac-
tor is of great importance for the formulation of crop rotation plans, the im-
plementation of agricultural management strategies and the development 
of conservation policies (Renschler et al., 1999). In Europe, the annual pat

tern of the R-factor from 1961 to 2018 exhibited a positive trend in 15% of 
cases and a negative trend in 7% of cases (Bezak et al., 2020). The study 
area is subdivided into two zones, one exhibiting an increase in erosion 
over time and the other a decrease. The increase in precipitation erosion 
was observed in the north-western and western regions of the area. This 
zone encompasses Polissya and the foothills of the Carpathian region. It is 
evident that the soils in this zone are highly susceptible to erosion proces-
ses. The soils of Polissya are predominantly sandy and exhibit a dimini-
shed capacity to resist water erosion. The topographical characteristics of 
Prykarpattia contribute to an elevated risk of erosion, largely due to the 
prevalence of steep inclines. The downward trend in the water erosion fac-
tor is evident in the central and south-eastern regions of the area. This trend 
should be regarded as beneficial, given that this is the area where a signifi-
cant proportion of the region's productive agricultural land is concentrated. 
It is important to note, however, that the coefficients of determination of 
the respective linear models on which the trend was calculated are relati-
vely low, indicating that other factors play a more significant role in ex-
plaining the spatial and temporal patterns of variation of the erosion factor.  

a  b  

c   d  

Fig. 5. Cluster analysis of administrative districts by the values of factor loadings GWPC 1 (a) and GWPC 2 (b)  
and spatial position of clusters obtained on the basis of factor loadings GWPC 1 (c) and GWPC 2 (d)  

Two distinct approaches have been employed in sequence to elucida-
te the spatial and temporal dynamics of variability in erosion factors. 
These comprise traditional principal component analysis and spatially 
weighted principal component analysis. The traditional principal compo-
nent analysis is predicated on the assumption that the covariance structure 
between variables remains constant across the entire territory (Yorkina 
et al., 2022). This approach is referred to as global principal component 
analysis. The spatially weighted principal component analysis posits that 
the covariance structure varies in a spatially explicit manner, whereby zo-
nes of smaller spatial coverage can be identified where such structures are 
constant. The extracted principal components indicated the presence of os-
cillatory time trends, characterised by varying frequency characteristics. 
The linear trend was found to account for between 0 and 15.3% of the ob-
served variation in rainfall erosion. In contrast, the principal components 
collectively explained 84.8% of the variation, with the geographically wei-
ghted approach accounting for an even greater proportion. This suggests 
that oscillatory dynamics, rather than a linear trend, play a significant role 
in shaping patterns of rainfall erosion variability. It is similarly conceivable 
that the observed linear trend constitutes merely a component of an oscil-
latory process, with a considerably longer period of fluctuation than that 
encompassed by the time frame of the present study.  

The spatial patterns of the principal components of higher ordinal 
numbers can be explained by the influence of the geographical continenta-

lity factor (Kunakh & Zhukov, 2024). The variation in precipitation levels 
and the seasonal dynamics of precipitation in the west-east direction give 
rise to patterns that differentiate the study area into regions that can be ef-
fectively compared with the eastern and western zones of the region. 
The principal components with lower ordinal numbers describe a more 
detailed spatial structure, which can be explained by the specific landscape 
cover of the respective areas. Principal components 1 and 2 are correlated 
with environmental markers that exhibit a zonal or sectoral geographical 
distribution. In fact, they can be considered covariates that indicate the 
geographical zonality of the region's environmental conditions. These in-
clude the ratio of sand to clay and silt, as well as the proportion of forest 
and agricultural land. Polissia is distinguished by soils with a relatively 
high sand content, which often render them unsuitable for agricultural use. 
Consequently, these regions retain a relatively dense forest cover. The sou-
thern and eastern regions are typified by soil types with a grain size distri-
bution that is conducive to enhanced agricultural productivity. This often 
coincides with the clearance of forest cover (Kunakh et al., 2021). 
The precipitation fluctuations that generate the patterns identified by prin-
cipal components 3–5 can be induced by the influence of different types of 
land cover. To illustrate, the pattern identified by principal component 3 
can be attributed to the contrasting dynamics of the proportion of 
herbaceous vegetation and broadleaf forests.  
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Fig. 6. Temporal variation of the loadings of the principal component GWPC 1 for clusters 1 and 2: a is the cluster 1  
(autocorrelation –0.18 ± 0.12 for lag 2, 0.15 ± 0.11 for lag 6 and 0.15 ± 0.11 for lag 8), b is the spectral density of the oscillatory process for cluster 1,  

c is the cluster 2 (autocorrelation 0.18 ± 0.11 for lag 5, 0.17 ± 0.11 for lag 10, and –0.21 ± 0.11 for lag 13), d is the spectral density  
of the oscillatory process for cluster 2; e is the phase spectrum of oscillatory processes within clusters 1 and 2  

Broadleaf forests exert a considerable influence on the interaction bet-
ween the atmosphere and the Earth's surface, which has a marked impact 
on the evaporation of moisture from the Earth's surface and the amount of 
precipitation (Koshelev et al., 2021). This provides an explanation for the 
formation of patterns of variability in the precipitation erosion factor, 
which is consistent with the level of forest cover (Mykhailyuk et al., 
2023). The influence of coniferous vegetation gives rise to Factor 4, while 
Factor 5 is induced by the influence of herbaceous vegetation. It is also im-
portant to consider the significant impact of agricultural land on the forma-
tion of spatial patterns of erosion factor variability. This influence may be 
the result of a formal correlation between the variability of agricultural 
land in different biogeographical zones. To illustrate, components 1 and 2 
are associated with the geographical heterogeneity of the region, which 
also gives rise to variability in the level of agricultural development. In Po-
lissya, this phenomenon is less pronounced, whereas in the Forest-Steppe, 
it is particularly noteworthy. It is not possible to exclude the possibility that 
different vegetation types contribute to the formation of large-scale pat-
terns of the precipitation erosion factor. However, this conclusion cannot 
be reached on formal grounds.  

The generation of temporal patterns of precipitation erosion, which 
also have a spatial context, can be explained by the influence of periodic 
changes in the state of the Earth's vegetation cover. It is also possible that 

the reverse effect, whereby the intensity of erosion processes affects the 
state of vegetation, may be a contributing factor. It can be posited that the 
impact of erosion processes is particularly significant in relation to agricul-
tural land, which constitutes a considerable proportion of the region's land-
scape. The rhythm of precipitation determines the impact of erosion and 
can also affect the condition of phytophagous animals, which can signifi-
cantly affect the condition of both agricultural plants and forest ecosys-
tems. The occurrence of large-scale infestations of wood-boring pests can 
result in the defoliation of trees in forest ecosystems. This phenomenon 
has the potential to influence both the rate of evaporation from the Earth's 
surface and the susceptibility of soil surfaces to erosion.  
 
Conclusion  
 

The precipitation erosivity coefficient exhibited considerable variati-
on, ranging from 179.9 ± 114.7 to 616.0 ± 468.9 MJ mm/ha*h per year, in 
the Polissya and Forest-Steppe zones of Ukraine from 1960 to 1923. The 
linear trend was found to account for between 0 and 15.3% of the variabi-
lity in precipitation erosion over time. The upward trend in the overall le-
vel of precipitation erosion was a typical feature of the western and north-
western regions of the area. In the central and eastern regions of the area, 
there was a decline in the incidence of rainfall erosion over time.  
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Fig. 7. Temporal variation of the GWPC 2 principal component loads for clusters 1, 2, and 3: a is the cluster 1 (autocorrelation –0.21 ± 0.12  
for lag 4 and 0.21 ± 0.11 for lag 13), b is the spectral density of the oscillatory process for cluster 1, c is the cluster 2 (autocorrelation –0.19 ± 0.11  

for lag 3 and 0.18 ± 0.11 for lag 7), d is the spectral density of the oscillatory process for cluster 2; e – cluster 3 (autocorrelation –0.25 ± 0.11  
for lag 4 and 0.11 ± 0.09 for lag 12), f is the spectral density of the oscillatory process for cluster 3  

A global principal component analysis enabled the identification of 
five statistically significant principal components, which collectively ex-
plained 84.8% of the variation in the detrended rainfall erosion data. 
The spatial patterns of principal components with higher ordinal numbers 
can be explained by the influence of the geographical continentality factor. 
The principal components with lower ordinal numbers characterise a mo-
re detailed spatial structure and can be explained by the peculiarities of the 
landscape cover of the respective territories. It should also be noted that 
agricultural land plays an important role in the formation of spatial patterns 
of erosion factor variability. The generation of temporal patterns of the 
precipitation erosion factor, which also have a spatial context, can be ex-
plained by the influence of periodic changes in the state of the Earth's ve-
getation cover.  
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