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Abstract 

Sustainable development of regional water resources requires objective classification of lake systems 
according to dominant hydrochemical processes. The aim of the study was to develop a data-driven 
hydrochemical typology of natural lakes in Polissya based on the Self-Organizing Map (SOM) 
method to identify functionally distinct water quality regimes and justify management decisions 
within the basin approach. The study covered nine lakes of different genesis and trophic status. Key 
water quality indicators were analyzed: total nitrogen (TN), biochemical and chemical oxygen 
demand (BOD₅, COD), suspended solids (TSS), iron (Fe), and total dissolved solids (TDS). Descriptive 
statistics, correlation analysis, and neural network SOM modeling with subsequent clustering were 
applied. The results revealed strong positive correlations between TN, BOD₅, COD, and TSS, 
indicating joint control by biogenic and organic processes, while TDS showed negative correlations 
with organic indicators, reflecting mineralization control. SOM classification allowed us to identify 
three hydrochemical clusters: background systems with low anthropogenic load; organically 
enriched lakes with intense biogeochemical cycling; and mineralization-controlled water bodies 
dominated by geogenic factors. It has been established that spatial features of land use and 
morphometric characteristics (depth, type of feeding, hydrological connectivity) determine the 
sensitivity of lakes to external loads and their location. 

Keywords: sustainable water management; cleaner water approach; hydrochemical regime 
classification; self-organizing map; lake water quality; decision-support system 
 

1. Introduction 

Freshwater lakes are important components of regional hydrological systems and play a key 
role in maintaining ecological balance and supporting biodiversity [1]. In addition to their ecological 
functions, lakes provide numerous ecosystem services, including water supply, recreation, and 
regulation of biogeochemical cycles [2]. However, lake ecosystems are highly sensitive to both natural 
environmental variability and anthropogenic pressures originating from their catchments [3]. 
Changes in land use, agricultural intensification, urban expansion, and hydrological modifications 
may significantly influence the chemical composition of lake waters by altering nutrient fluxes, 
organic maĴer inputs, and mineral content [4]. 

The hydrochemical characteristics of lakes are controlled by a complex interaction of geological, 
hydrological, and landscape factors. In many regions, the composition of surrounding land cover 
represents one of the most important determinants of water quality. Forested catchments typically 
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function as natural buffers that limit nutrient transport and stabilize hydrological regimes [5,6]. In 
contrast, agricultural areas may contribute substantial amounts of nitrogen compounds and 
suspended particles due to fertilizer application and soil erosion [7]. The lakes of the Polissya region 
in Eastern Europe represent a heterogeneous group of freshwater systems formed under diverse 
geological and geomorphological conditions. Glacial, karst, floodplain, and peat-bog lakes occur 
within relatively small spatial scales, resulting in significant variability in morphometry, hydrological 
connectivity, and trophic status. These differences contribute to the formation of distinct 
hydrochemical regimes and influence the sensitivity of lakes to external environmental pressures. 

Traditional hydrochemical assessments often rely on the analysis of individual indicators such 
as total nitrogen (TN), biochemical oxygen demand (BOD₅), chemical oxygen demand (COD), total 
suspended solids (TSS), total iron (Fe), and total dissolved solids (TDS). While these parameters 
provide valuable information on specific aspects of water quality, their interpretation is frequently 
complicated by the simultaneous influence of multiple interacting processes. The potential influence 
of different land-use types on hydrochemical indicators is summarized in Table 1. Although these 
relationships are widely recognized in environmental studies, their relative importance may vary 
depending on regional landscape structure, hydrological connectivity, and lake morphometry. 

Table 1. Potential influence of land-use types on hydrochemical indicators. 

Land cover Possible hydrochemical influence 

Forest Reduced nutrient runoff, natural organic matter input 

Agricultural land 
Increased nitrogen and suspended solids due to fertilizer 

runoff 

Wetlands Elevated Fe and dissolved organic carbon from peat soils 

Built-up areas Potential increase of TDS and anthropogenic pollutants 

Nutrient enrichment, organic maĴer decomposition, mineral inputs from groundwater, and 
particulate transport may occur concurrently, creating complex hydrochemical paĴerns that are 
difficult to interpret using univariate approaches alone. Consequently, the identification of dominant 
processes controlling lake water quality increasingly requires the application of multivariate 
analytical techniques capable of integrating multiple indicators into a coherent classification 
framework. In recent years, machine-learning approaches have been increasingly applied in 
environmental sciences to explore complex hydrochemical datasets [8]. Among these methods, the 
Self-Organizing Map (SOM) algorithm has proven to be particularly useful for environmental data 
exploration and classification. SOM is an unsupervised neural network method that projects 
multidimensional datasets onto a low-dimensional laĴice while preserving the topological 
relationships between observations [9]. This property makes the method well suited for detecting 
hidden structures and identifying groups of samples characterized by similar environmental 
conditions [10]. In hydrochemical studies, SOM has been successfully used to classify water bodies, 
reveal spatial paĴerns in water quality, and distinguish between natural geochemical processes and 
anthropogenic influences [11]. Despite the growing application of multivariate and machine-learning 
methods in water quality studies, the hydrochemical diversity of natural lakes in the Polissya region 
remains insufficiently systematized. Most available studies focus on individual lakes or specific 
indicators of water quality, while regional-scale classifications that integrate hydrochemical 
parameters with catchment characteristics are still limited [12–14]. As a result, the identification of 
dominant hydrochemical regimes and their controlling factors remains incomplete, which 
complicates the development of basin-oriented management approaches and targeted monitoring 
strategies. 

Integrated Water Resources Management (IWRM) is a widely adopted concept in environmental 
governance that promotes the coordinated development and management of water, land, and related 
resources in order to maximize ecological sustainability, economic efficiency, and social equity. The 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.0987.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0987.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 23 

 

IWRM approach emphasizes the integration of surface waters, groundwater, and catchment 
landscapes, while accounting for interactions among natural processes, human activities, and 
ecosystem services. In lake-dominated regions such as the Polissia lowlands, this framework is 
especially relevant because the hydrochemical condition of lakes is strongly determined by processes 
occurring within their surrounding catchments, including land-use practices, hydrological 
connectivity, and biogeochemical cycling. 

The present study aims to develop a hydrochemical typology of natural lakes in the Polissya 
region based on multivariate analysis of key water quality indicators. A SOM approach was applied 
to classify lakes according to similarities in nutrient, organic maĴer, particulate, and mineralization 
characteristics. The specific objectives of the study were: (i) to evaluate the variability of selected 
hydrochemical parameters among representative lakes of different origin and trophic status; (ii) to 
identify dominant relationships between indicators of nutrient enrichment, organic maĴer dynamics, 
and mineralization; (iii) to apply SOM-based clustering for the classification of lake hydrochemical 
regimes; and (iv) to interpret the resulting typology in relation to catchment land use and 
limnological characteristics. The proposed classification is intended to support cleaner water 
management strategies and provide a scientific basis for regional water resource protection within 
the basin management framework. 

2. Materials and Methods 

2.1. Study Area and Limnological Characteristics of the Lakes 

The study was conducted on nine representative freshwater lakes located within the Polissya 
region of north-western Ukraine (Figure 1). This region is characterized by a high density of natural 
lakes formed under diverse geological and geomorphological conditions, including glacial, karst, 
floodplain, and fluvioglacial processes [15]. 

 

Figure 1. Geographical location of the studied lakes within the Polissia region (Western Ukraine). 

These lakes represent an important component of the regional hydrological network and 
provide valuable habitats for aquatic ecosystems. Their hydrochemical characteristics are influenced 
by differences in morphometry, hydrological connectivity, and surrounding landscape structure. The 
spatial distribution of the investigated lakes and sampling sites: Domashnie (S1), Liubyaz (S2), Nobel 
(S3), Pisochne (S4), Svityaz (S5), Solinka (S6), Somine (S7), Turske (S8), and Karasin (S9) is presented 
in Figure 1. The studied water bodies are located within several major river basins of the region, 
including the Prypiat, Turia, and Western Bug catchments. Many of these lakes are situated within 
wetland-dominated landscapes typical for Polissya, where groundwater inflow, peat soils, and 
limited surface runoff significantly influence hydrological and hydrochemical conditions. 

The main morphometric and limnological characteristics of the investigated lakes, including 
geographic coordinates, surface area, depth, trophic status, hydrological connectivity, and 
conservation priority, are summarized in Table 2. Morphological origin also varies among the studied 
lakes. 
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Table 2. Morphometric and limnological characteristics of the studied lakes. 

Site Lake Coordinates Limnology 
Areа, 

ha 

Depth 
(max. / 

mean), m 
Trophic Status 

S1 
Domashni

e 
51°31′11″ N, 
24°15′37″ E 

Karst 155 8.0 / 3.76 Mesotrophic 

S2 Liubiaz 
51°50′11″ N, 
25°28′51″ E 

Floodplain  519 3.8 / 2.1 Eutrophic 

S3 Nobel 
51°52′05″ N, 
25°45′42″ E 

Floodplain  499 >10.0 / 2.8  Meso-eutrophic 

S4 Pisochne 
51°34′15″ N, 
23°55′00″ E 

Karst  138 >16.0 / 7.0 
Oligo-

mesotrophic 

S5 Svityaz 
51°30′13″ N, 
23°50′40″ E 

Karst-rock 
origin  

2750 58.4 / 7.2 Oligotrophic 

S6 Solynka 
51°31′29″ N, 
24°12′31″ E 

Karst-wetland 11.15 3.8 / 3.6 Dystrophic 

S7 Somyne 
51°11′48″ N, 
24°19′24″ E 

Karst  124.0 56.0 / 10.6 Mesotrophic 

S8 Turske 
51°39′00″ N, 
24°18′00″ E 

Fluvio-glacial 1285 2.6 / 2.2 Eutrophic 

S9 Karasyn 
51°34′00″ N, 
24°47′53″ E 

Glacial-karst 29.0 1.2 / 0.5 Eutrophic 

Several lakes of the Shatsk lake group, including Pisochne and Svityaz, are of karst origin and 
are primarily supplied by groundwater and atmospheric precipitation (Table 2). Floodplain lakes 
such as Liubiaz and Nobel are hydrologically connected to the Prypiat River and therefore experience 
periodic water exchange with the river system [16]. Other lakes, including Solynka, represent wet-
land-associated basins receiving water mainly from peat-bog environments. These differ-ences in 
geological origin and hydrological connectivity create contrasting hydrochemical regimes among the 
studied systems. Most lakes in the region experience seasonal ice cover during winter, reflecting the 
temperate continental climate of the area. Trophic conditions range from oligotrophic and oligo-
mesotrophic systems, such as Svityaz and Pisochne, to eutrophic lakes including Liubiaz, Turske, 
and Karasyn. 

2.2. Study Area and Limnological Characteristics of the Lakes 

Hydrochemical sampling was conducted during an autumn field campaign in 2025, when 
hydrological conditions in the studied lakes were relatively stable after the summer stratification 
period and before the onset of winter ice cover. This season was selected to minimize the influence 
of short-term hydrological fluctuations and to capture representative hydrochemical conditions of 
the lakes. Surface water samples were collected from nine lakes (sites S1–S9) representing different 
limnological types and hydrological seĴings within the study region. Sampling locations correspond 
to the sites shown in Figure 1, while their morphometric and limnological characteristics are 
summarized in Table 2. At each site, water samples were taken from the upper water layer 
(approximately 0.3–0.5 m below the surface) using pre-cleaned polyethylene sampling boĴles. Prior 
to sampling, all containers were rinsed with the lake water to avoid contamination. The 
hydrochemical parameters, including TN, BOD₅, COD, TSS, TDS, and Fe, were measured. Analytical 
methods, associated standards, and measurement uncertainties are presented in Table 3. 
  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.0987.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0987.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 23 

 

Table 3. Analytical methods and measurement uncertainty of hydrochemical parameters. 

Paramet
er 

Unit 
Range 
(from) 

Uncer-
tainty, 

% 
Method  Standard / guideline 

BOD₅ 
mgO₂/

dm³ (3.0) ±7  

Incubation 
method  
(5 days), 
dissolved 

oxygen 
difference 

KND 211.1.4.024-95 Methodology for 
determining biological oxygen 

demand after n days (BOD)  

ТSS 
mg/dm

³ (5.0) ±10  

Gravimetric 
method 

(filtration and 
drying) 

KND 211.1.4.039-95 Method for 
gravimetric determination of 

suspended substances  

Fe 
mg/dm

³ 
0.05-

1.0 
±20  

Spectrophotom
etry 

(phenanthroline 
complex) 

MBB 081/12-0175-03  Methodology 
for measuring the mass concentration 

of total iron using the 
photocolorimetric method with 

rhodanide 

TN 
mgN/d

m³ 0.5-100 ±25  
Spectrophotom

etry 

MBB 081/12-0651-09  Methodology 
for measuring the mass concentration 

of  total nitrogen using the 
photocolorimetric method 

TDS 
mg/dm

³ 
50-

10000 
±5  

Gravimetric 
method 

(evaporation at 
105 °C) 

KND 211.1.4.042-95 Method for 
gravimetric determination of 

dissolved substances in natural and 
waste waters 

COD 
mgO/d

m³ 5-200 ±3.25 
Dichromate 
oxidation, 
titrimetric 

KND 211.1.4.021-95 Method for 
determining chemical oxygen 

demand (COD) in surface and waste 
waters 

These parameters were selected because they represent major indicators of nutrient loading, 
organic maĴer content, and mineralization processes in freshwater ecosystems [17,18]. Laboratory 
determinations were performed using standard analytical procedures commonly applied in 
hydrochemical studies of freshwater systems. TN concentrations were determined after digestion 
using spectrophotometric methods. BOD₅ concentrations were measured using the five-day 
incubation method under controlled conditions, while COD concentrations were determined by the 
dichromate oxidation method. TSS concentrations were quantified gravimetrically after filtration and 
drying of the residue, and TDS concentrations were determined by evaporation of the filtered sample 
followed by gravimetric measurement. Fe concentrations were analyzed using spectrophotometry 
techniques following appropriate sample preparation. Measurement uncertainty values reflect 
combined analytical and instrumental error as specified in the respective methodological guidelines. 

2.3. Land-Use Analysis of Lake Catchments 

The structure of land use in the vicinity of the studied lakes was evaluated to determine potential 
relationships between catchment characteristics and hydrochemical conditions. Spatial analysis was 
carried out using geographic information system (GIS) techniques in the software environment of 
Quantum GIS [19]. For each lake (S1–S9), a buffer zone with a radius of 1000 m was generated around 
the shoreline to represent the immediate catchment area that most directly influences water quality 
through surface runoff and near-shore processes. This spatial extent was selected as an operational 
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approximation of the local drainage zone affecting hydrochemical inputs, particularly for relatively 
small and shallow lakes where short-distance transport processes may dominate. Land-cover 
information was obtained from the CORINE Land Cover database [20]. The original land-cover 
classes were reclassified into five generalized categories relevant to hydrochemical processes: forest, 
agricultural land, wetlands, water surface, and built-up areas. This grouping reflects major landscape 
types that differ in their capacity to generate nutrient runoff, organic maĴer inputs, and mineral 
components entering lake systems. The spatial distribution of these land-cover categories within each 
buffer zone was calculated using GIS overlay analysis. The percentage share of each land-use class 
was determined relative to the total area of the buffer zone for every lake. The resulting dataset 
characterizes the dominant landscape structure surrounding each sampling site and provides a basis 
for evaluating the potential influence of land use on hydrochemical parameters. 

2.4. Statistical Analysis of Hydrochemical Variability 

Descriptive statistical analysis was applied to characterize the central tendency and variability 
of hydrochemical parameters across all investigated lakes. For each indicator, the minimum, 
maximum, mean (M), and standard deviation (SD) were calculated using concentrations expressed 
in mg/L. These statistics were used to evaluate the overall range of variation and to facilitate inter-
lake comparisons of hydrochemical conditions. Linear relationships among hydrochemical variables 
were examined using Pearson’s correlation analysis [21,22]. The correlation coefficient Pearson (r) 
was used to quantify the strength and direction of associations between variables representing 
nutrient loading, organic maĴer content, suspended particulate maĴer, and mineralization processes. 
The strength of correlations was interpreted according to commonly accepted thresholds: |r| < 0.30 
indicates weak correlation, 0.30–0.49 moderate correlation, 0.50–0.69 noticeable correlation, 0.70–0.89 
strong correlation, and |r| ≥ 0.90 very strong correlation. Positive coefficients indicate synchronous 
variation of two variables, whereas negative coefficients indicate inverse relationships. To further 
explore multivariate relationships and identify the main factors controlling hydrochemical 
variability, principal component analysis (PCA) was applied. PCA is a widely used multivariate 
statistical technique that transforms a set of interrelated variables into a smaller number of orthogonal 
components that explain the maximum variance of the dataset [23,24]. Prior to PCA, hydrochemical 
variables were standardized to eliminate the effect of differences in measurement scales. Principal 
components with eigenvalues greater than 1 were considered significant and retained for 
interpretation. The loadings of variables on each component were analyzed to identify groups of 
parameters representing common hydrochemical processes. High positive or negative loadings were 
interpreted as strong contributions of a variable to a particular component, allowing identification of 
dominant factors such as nutrient enrichment, organic pollution, mineralization, or geochemical 
inputs. All statistical analyses were performed using the software environment JASP (Version 0.14.3). 

2.5. Self-Organizing Map Modelling and Cluster Identification 

Multivariate classification of the studied lakes was performed using the SOM algorithm. SOM 
represents an unsupervised neural network technique designed to project multidimensional datasets 
onto a low-dimensional laĴice while preserving the topological relationships between observations. 
This method is particularly effective for identifying non-linear structures and paĴerns in complex 
environmental datasets [25,26]. The SOM analysis was implemented in MATLAB using SOM Toolbox 
2.0. The network architecture consisted of two layers: an input layer representing the hydrochemical 
variables and an output layer composed of neurons arranged on a two-dimensional rectangular grid. 
Each neuron is associated with a prototype vector (weight vector) describing a characteristic paĴern 
of hydrochemical indicators. Prior to training, all variables were min–max normalized in order to 
eliminate scale effects and ensure equal contribution of each parameter to the learning process. The 
SOM was trained using a batch learning algorithm with a Gaussian neighbourhood function, which 
iteratively adjusts neuron weight vectors toward input data according to similarity measures. During 
the training process, neighbouring neurons in the laĴice update their weights simultaneously, 
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allowing the network to preserve the topology of the original multidimensional data space. The 
weight vector of each neuron is defined to eq. (1). The SOM was implemented as a two-dimensional 
hexagonal laĴice consisting of a 4 × 5 neuron grid (20 nodes), which provided an appropriate balance 
between map resolution and the relatively small size of the hydrochemical dataset. 

Wi=[wi1,wi2,...,wim]       (1) 
where m is the number of hydrochemical variables and wi represents the weight of parameter in 

neuron i. 
After SOM training, clusters were delineated by grouping neurons with similar prototype 

vectors. For this purpose, a non-hierarchical K-means clustering algorithm was applied to the SOM 
codebook vectors. The optimal number of clusters was determined by minimizing the Davies–
Bouldin index, which evaluates cluster compactness and separation. Lower index values indicate a 
beĴer-defined clustering structure. For each cluster, a representative hydrochemical profile was 
obtained by averaging the weight vectors of all neurons belonging to that cluster. These averaged 
vectors characterize the typical hydrochemical conditions associated with each cluster. To facilitate 
comparison among parameters, cluster-level weights were min–max normalized, producing values 
in the range 0–1. These normalized weights represent the relative contribution of each hydrochemical 
parameter to cluster formation. The strength of parameter influence was classified according to 
normalized value ranges (Table 4), following the approach proposed by [27]. Relationships between 
SOM clusters and hydrochemical variables were visualized using Sankey diagrams, which allow the 
identification of dominant parameters associated with each cluster and illustrate the distribution of 
parameter influence within the clustering structure. 

Table 4. Classification of parameter influence based on normalized SOM weights. 

Normalized value Influence category 
0.00–0.20 Very low 
0.20–0.40 Low 
0.40–0.60 Moderate 
0.60–0.80 High 

> 0.80 Elevated 

The quality of clustering was evaluated using several complementary metrics that characterize 
both internal cluster structure and topological representation accuracy. The quantization error (QE) 
was calculated to estimate the average distance between each observation vector and its 
corresponding best matching unit (BMU) [28]. Lower QE values indicate beĴer representation of the 
dataset by the trained SOM. The topographic error (TE) was used to assess how well the SOM 
preserves the topology of the input space [29]. This metric measures the proportion of data vectors 
for which the first and second BMUs are not adjacent neurons. Smaller TE values indicate beĴer 
topological preservation. In addition, cluster separation and compactness were assessed using the 
silhoueĴe index, which measures the degree to which observations are correctly assigned to clusters. 
SilhoueĴe values range from −1 to 1, where higher values indicate well-separated clusters with high 
internal similarity. Cluster robustness was quantified by calculating the frequency with which 
observations were assigned to the same cluster across repeated SOM trainings [30]. High assignment 
consistency indicates stable clusters that are not sensitive to small variations in the dataset. 

3. Results and Discussion 

3.1. Land-Use PaĴerns in Lake Catchments 

The spatial structure of land use within the 1000 m buffer zones surrounding the studied lakes 
(S1–S9) reflects substantial heterogeneity in the landscape composition of the Polissia region and 
provides an important context for interpreting hydrochemical variability. The distribution of major 
land-cover categories is illustrated in Figure 2, while the quantitative structure of land cover is 
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summarized in Table 5. The forest ecosystems constitute the dominant landscape element in the 
majority of lake catchments, whereas agricultural land, wetlands, and minor built-up areas represent 
secondary components of the surrounding landscape. 

 

Figure 2. Land use and land cover paĴerns within the buffer zones of the studied lakes (S1–S9). 

Table 5. Structure of the earth cover in the buffer zone 1000 m around the studied lakes. 

Lake Forest, % Agriculturе, % Wetlands, % Built-up, % 

S1 62.3 18.5 12.1 0.7 

S2 55.1 26.8 10.4 1.5 

S3 48.6 32.7 9.5 1.8 

S4 70.4 12.6 11.3 0.5 

S5 64.9 20.1 9.7 1.0 

S6 52.7 28.4 11.5 1.3 

S7 59.8 24.3 8.6 0.9 

S8 66.5 17.9 9.8 0.8 

S9 61.2 21.4 10.5 1.1 

Across the investigated sites, forest cover accounts for 48.6–70.4% of the buffer zone area, 
indicating that most lakes are embedded within relatively natural landscapes. Agricultural land 
represents the second most important land-use category, ranging from 12.6% to 32.7%, whereas 
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wetlands occupy 8.6–12.1% of the surrounding territory (Table 5). Water surfaces within the buffer 
zones account for 4.3–7.4%, reflecting the presence of connected small basins or shoreline 
morphology, while built-up areas remain negligible (0.5–1.8%), suggesting limited urban pressure on 
the investigated lake systems (Table 5). 

Despite the overall dominance of forest landscapes, individual lakes exhibit distinct land-use 
configurations that may influence external nutrient inputs and hydrological interactions. The 
catchments of Domashnie (S1) and Liubiaz (S2) display relatively mixed land-use paĴerns. In S1, 
forest ecosystems occupy 62.3% of the buffer zone, while agricultural land constitutes 18.5% and 
wetlands 12.1%. This mosaic landscape, visible in Figure 2, combines semi-natural vegetation with 
cultivated areas, suggesting potential pathways for diffuse nutrient transport to the lake. The 
relatively shallow morphometry of S1 further increases its sensitivity to catchment-derived inputs. A 
more pronounced agricultural influence is observed in the catchments of Liubiaz (S2) and Nobel (S3). 
Agricultural land accounts for 26.8% and 32.7% of the buffer zones of these lakes, respectively, while 
forest cover decreases to 55.1% in S2 and 48.6% in S3. Such land-use paĴerns are consistent with the 
floodplain character of these systems and their hydrological connectivity with the Prypiat River, 
where riparian landscapes often combine natural vegetation with cultivated land. In this context, 
agricultural runoff may represent a relevant external source of nutrients and suspended maĴer [32]. 
In contrast, several lakes are located within strongly forested environments. The catchment of 
Pisochne (S4) exhibits the highest proportion of forest cover (70.4%) and the lowest agricultural share 
(12.6%), reflecting its location within the protected area of Shatsk National Nature Park. Similar 
conditions are observed for Svityaz (S5) and Turske (S8), where forest ecosystems account for 64.9% 
and 66.5% of the surrounding landscape, respectively. These forest-dominated catchments are 
generally associated with reduced nutrient export due to effective natural buffering and lower soil 
disturbance [33]. Wetland-associated landscapes are particularly evident in the catchment of Solynka 
(S6), where wetlands represent 11.5% of the buffer zone in combination with 52.7% forest cover. Such 
a landscape structure is consistent with the dystrophic character of this lake and the influence of peat-
bog hydrological systems, which typically contribute humic substances and iron-rich waters. 
Comparable but less pronounced wetland presence is observed around Karasyn (S9) and Domashnie 
(S1), where wetland areas exceed 10% of the buffer zone. Intermediate land-use paĴerns occur in the 
catchments of Somyne (S7) and Karasyn (S9), where forest cover remains dominant (59.8% and 61.2%, 
respectively), while agricultural land constitutes 24.3% and 21.4% of the surrounding area. These 
mixed landscapes represent transitional conditions between natural forest-dominated catchments 
and more intensively used agricultural areas [34]. 

Overall, the spatial distribution of land-use categories indicates that the investigated lakes are 
located primarily within semi-natural forest–wetland landscapes with varying degrees of 
agricultural influence. The relatively low proportion of built-up areas across all catchments suggests 
that diffuse agricultural inputs and natural geochemical processes, rather than urban pollution, are 
the main potential drivers of external hydrochemical loading [35]. The observed variability in 
landscape structure therefore provides an important environmental framework for interpreting 
differences in nutrient enrichment, organic maĴer dynamics, and mineralization processes discussed 
in the subsequent sections. 

3.2. Environmental Drivers of Hydrochemical Variability 

The hydrochemical composition of the investigated lakes demonstrates considerable variability 
that reflects differences in nutrient supply, organic maĴer accumulation, mineralization processes, 
and hydrological connectivity within the Polissia lake systems. The distribution of the main 
hydrochemical indicators is illustrated in Figure 3a,b, which summarizes the concentration ranges 
observed across the studied lakes. TN concentrations ranged from 1.13 to 2.33 mgN/L, with a mean 
value of 1.79 mgN/L and a standard deviation of 0.35 mgN/L. The relatively limited range of variation 
suggests generally moderate nutrient enrichment across the investigated lakes. Such conditions are 
consistent with the predominantly forested catchments identified in Section 3.1, where natural 
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vegetation limits intensive nutrient runoff. At the same time, the observed variability indicates that 
individual lakes experience different levels of nitrogen input associated with local hydrological 
conditions and landscape structure. Indicators related to organic maĴer exhibited a broader range of 
variability. BOD₅ varied between 3.8 and 9.2 mg O₂/L (M = 6.47 mgO₂/L; SD = 1.42 mgO₂/L), indicating 
substantial differences in the amount of biodegradable organic material present in the water column. 
COD showed even greater dispersion, ranging from 16.0 to 40.3 mgO/L (M = 25.56 mgO/L; SD = 6.98 
mgO/L). The wide variability of COD reflects the combined influence of autochthonous organic 
production and allochthonous inputs derived from surrounding terrestrial ecosystems, particularly 
wetlands and forest liĴer. TSS ranged from 6.88 to 14.3 mg/L, with a mean value of 11.78 mg/L and 
SD = 3.44 mg/L. This relatively high dispersion indicates differences in sediment resuspension 
intensity, phytoplankton biomass, and catchment erosion processes. Shallow lakes and systems with 
greater hydrological connectivity are more susceptible to resuspension and particulate transport, 
which may contribute to the observed variability. Fe concentrations exhibited substantial differences 
between the investigated lakes, ranging from 0.078 to 0.76 mg/L (M = 0.285 mg/L; SD = 0.234 mg/L). 
Elevated iron levels were typically associated with dystrophic or humic-influenced lakes, where 
reducing conditions and complexation with dissolved organic maĴer enhance iron mobility in the 
water column. Such conditions are characteristic of peat-influenced catchments and wetlands, which 
represent an important landscape component in several of the studied basins. In contrast, TDS 
displayed the widest absolute range among the analyzed parameters, varying from 125 to 465 mg/L 
(M = 223 mg/L; SD = 110 mg/L). This parameter primarily reflects differences in mineralization 
controlled by groundwater inflow, lithological composition of the basin, and hydrological isolation 
of individual lakes. Systems with stronger groundwater influence tend to exhibit higher ionic content, 
whereas lakes dominated by organic inputs and surface runoff typically show lower mineralization 
levels [36]. Overall, the observed variability of hydrochemical indicators indicates that the studied 
lakes represent a heterogeneous group of aquatic systems in which nutrient enrichment, organic 
maĴer accumulation, and mineralization processes operate with different intensities. These 
differences are closely related to variations in catchment characteristics, hydrological connectivity, 
and morphometric properties of individual lakes. 

 
Figure 3. Variability and interrelationships in Polissia lakes: a) – distribution of concentrations; b) – radar 
diagrams of the variability of water quality parameters across the studied lakes; c) – Pearson correlation 
coefficients between hydrochemical parameters. 

The relationships between the analyzed hydrochemical variables are illustrated in Figure 3b, 
which presents the Pearson correlation matrix for the studied dataset. A very strong positive 
relationship was observed between BOD₅ and COD (r = 0.95), indicating that both parameters 
respond to the same underlying process, namely the accumulation and transformation of organic 
maĴer within the lake ecosystems [37]. Similarly, TN demonstrated a strong positive correlation with 
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COD (r = 0.82) and a noticeable correlation with BOD₅ (r = 0.65). These relationships suggest that 
nutrient availability is closely linked with biological productivity and the generation of 
biodegradable organic compounds in the studied lakes. TSS showed weaker but still discernible 
associations with parameters representing nutrient and organic maĴer dynamics [38]. TSS displayed 
moderate positive correlations with BOD₅ (r = 0.37) and COD (r = 0.33), and a weaker relationship 
with TN (r = 0.27). These paĴerns indicate that suspended particulate maĴer is partly influenced by 
biological production and organic enrichment, although physical processes such as sediment 
resuspension and hydromorphological characteristics also play an important role. Fe exhibited a 
different correlation paĴern reflecting its geochemical behavior in aquatic systems [39]. A moderate 
positive relationship between Fe and TSS (r = 0.68) suggests that iron is largely associated with 
particulate and colloidal fractions in the water column. Such associations are typical of lakes 
characterized by high organic maĴer content and reducing conditions that promote the mobilization 
of Fe from sediments [40]. At the same time, Fe showed weak to moderate negative correlations with 
TN (r = –0.36) and COD (r = –0.36), indicating that iron enrichment may occur under geochemical 
conditions different from those governing nutrient-driven biological processes. TDS demonstrated 
pronounced negative correlations with TN (r = –0.66), BOD₅ (r = –0.73), COD (r = –0.71), and TSS (r = 
–0.64). This relationship highlights a clear separation between two types of hydrochemical regimes 
within the investigated lakes. One group of systems is characterized by higher mineralization and 
stronger groundwater influence, whereas another group is dominated by organic maĴer 
accumulation and nutrient cycling processes. Taken together, the correlation structure indicates that 
hydrochemical variability in the studied lakes is governed by the interaction of several environmental 
drivers. These include nutrient availability and biological productivity, organic maĴer inputs from 
surrounding landscapes, sediment–water interactions, and groundwater-driven mineralization 
processes. 

3.3. SOM-Based Classification and Interpretation 

To identify dominant hydrochemical regimes and reveal hidden structures within the dataset, a 
Self-Organising Map (SOM) approach was applied to the standardized hydrochemical variables (TN, 
BOD₅, COD, TSS, Fe, and TDS). The trained SOM projected the multidimensional hydrochemical 
dataset onto a two-dimensional laĴice, allowing the identification of groups of lakes with similar 
water-quality characteristics. The component planes of the trained SOM are presented in Figure 4, 
which illustrates the spatial distribution of normalized hydrochemical parameters across the neural 
network grid. Each component plane represents the relative contribution of a specific variable to the 
hydrochemical structure of the dataset. The visualization reveals clear gradients in parameter 
distribution, indicating the presence of distinct hydrochemical regimes among the investigated lakes. 
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Figure 4. SOM аnalysis of hydrochemical parameters in Polissia lakes: a) – TN; b) – BOD₅; c) – COD; d) – TSS; e) 
– Fe; f) – TDS. 

The TN component plane (Figure 4a) indicates that elevated nitrogen concentrations are 
concentrated primarily within one group of neurons corresponding to a specific cluster of lakes. In 
contrast, lower TN values dominate the remaining regions of the SOM laĴice. A similar spatial 
paĴern is observed for BOD₅ (Figure 4b) and COD (Figure 4c), where higher normalized values occur 
within the same region of the map, indicating a strong association between nutrient enrichment and 
organic maĴer accumulation. The TSS component plane (Figure 4d) shows elevated values mainly in 
the same region characterized by high organic maĴer indicators, suggesting that suspended 
particulate maĴer is partly associated with biological production and organic enrichment. The Fe 
component plane (Figure 4e) also exhibits increased values within this area, indicating enhanced 
sediment–water interactions and redox-sensitive processes under conditions of high organic loading. 
In contrast, the TDS component plane (Figure 4f) demonstrates a markedly different spatial paĴern, 
with the highest values located in a separate region of the SOM laĴice, reflecting hydrochemical 
regimes dominated by mineralization processes rather than organic maĴer dynamics. Overall, the 
SOM structure reveals a clear separation between lakes characterized by low background nutrient 
conditions, organic-maĴer-enriched systems, and mineralization-controlled waters, indicating 
fundamentally different environmental controls on hydrochemical composition. 

According to the SOM-based clustering solution, three hydrochemical groups were 
distinguished: Cluster 1: Svityaz (S5), Somyne (S7); Cluster 2: Domashnie (S1), Liubiaz (S2), Nobel 
(S3), Solynka (S6), Turske (S8); Cluster 3: Pisochne (S4), Karasyn (S9). The reliability of the obtained 
SOM model was evaluated using several complementary quality indicators. QE was 0.176, indicating 
a good representation of the input hydrochemical dataset by the trained neural network. TE was 
0.041, demonstrating that the SOM effectively preserved the topological relationships among 
observations. In addition, the mean silhoueĴe coefficient of 0.63 confirmed a well-defined clustering 
structure with clear separation between groups of lakes. Cluster robustness was further assessed 
using a bootstrap resampling procedure, in which the SOM training and clustering were repeated 
across multiple resampled datasets. The resulting cluster stability coefficients ranged from 0.83 to 
0.92, indicating a high degree of consistency in lake classification. The results of this analysis are 
summarized in Table 6, which presents the composition and stability of the identified clusters. Cluster 
2 demonstrated the highest stability (0.92) and included the largest number of lakes characterized by 
similar hydrochemical conditions. Clusters 1 and 3 also showed high stability values (0.86 and 0.83, 
respectively), confirming that the identified hydrochemical regimes represent robust and 
reproducible paĴerns rather than artifacts of the dataset. 
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Table 6. Cluster stability based on bootstrap SOM analysis. 

Cluster Lakes included Number of lakes Stability coefficient 
Cluster 1 S5, S7 2 0.86 
Cluster 2 S1, S2, S3, S6, S8, S7 5 0.92 
Cluster 3 S4, S9 2 0.83 

Mean stability – 9 0.88 

To facilitate interpretation of the SOM classification, the relationships between clusters, lakes, 
and hydrochemical variables were visualized using a Sankey diagram (Figure 5). In this diagram, the 
width of the flows represents the normalized SOM weights (0–1) describing the relative contribution 
of each hydrochemical parameter to cluster formation. 

 
Figure 5. Sankey diagram the relative contributions (normalized SOM weights) of hydrochemical parameters to 
cluster formation and their links with individual lakes. 

The Sankey visualization clearly illustrates the differentiation of three hydrochemical regimes 
within the studied lake systems (Figure 5). Cluster 1 includes Svityaz (S5) and Somyne (S7) and 
represents lakes with near-background hydrochemical conditions. This cluster is characterized by 
very low normalized contributions of TSS (0.16–0.18) and low contributions of BOD₅ and COD (0.16–
0.38), indicating limited accumulation of organic maĴer. TN also exhibits very low influence (0.13–
0.14), reflecting weak nutrient enrichment. Iron shows a low contribution (0.31–0.37), whereas TDS 
demonstrates moderate influence (0.42–0.51). In hydrochemical terms, these lakes are characterized 
by relatively low concentrations of nutrients, suspended solids, and organic maĴer, indicating 
minimal anthropogenic disturbance and dominance of natural geochemical processes. Such systems 
may serve as regional reference lakes representing baseline conditions for water-quality assessment. 
Cluster 2 comprises Domashnie (S1), Liubiaz (S2), Nobel (S3), Solynka (S6), and Turske (S8) and 
represents lakes dominated by organic maĴer accumulation and nutrient enrichment. This cluster is 
characterized by high normalized contributions of TN, BOD₅, COD, and TSS (0.67–0.74), indicating 
intensified organic maĴer loading and active biological processes. Fe also shows elevated influence 
(0.84–0.88), suggesting enhanced sediment–water interactions and redox transformations in organic-
rich environments. In contrast, TDS contributions remain relatively low to moderate (0.25–0.55), 
indicating that mineralization processes play a secondary role in shaping hydrochemical conditions. 
Overall, the hydrochemical regime of Cluster 2 reflects intensive internal biogeochemical cycling, 
accumulation and degradation of organic maĴer, and possible influence of diffuse catchment inputs. 
These lakes may therefore be more vulnerable to eutrophication processes, highlighting the 
importance of nutrient-management strategies in their catchments. Cluster 3 includes Pisochne (S4) 
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and Karasyn (S9) and is primarily controlled by mineralization processes. This cluster shows a high 
normalized influence of TDS (0.67–0.78), indicating elevated ionic content and stronger geochemical 
control by groundwater and lithological factors. In contrast, the influence of TN and TSS remains 
relatively low (0.23–0.33), while BOD₅, COD, and Fe fall within the low to moderate range (0.27–0.29). 
These characteristics indicate hydrochemical conditions dominated by geogenic mineralization 
rather than organic pollution or nutrient enrichment. From a management perspective, such lakes 
require aĴention to hydrogeological processes and groundwater–surface water interactions rather 
than nutrient reduction measures [41]. 

Overall, the SOM-based classification demonstrates that the hydrochemical diversity of Polissia 
lakes can be effectively represented by three major regimes: background systems with minimal 
anthropogenic influence, organic-maĴer-dominated lakes with active biogeochemical cycling, and 
mineralization-controlled systems governed primarily by geogenic processes. The differentiation of 
these regimes provides a useful framework for understanding regional hydrochemical variability 
and supports the development of targeted lake-management strategies based on the dominant 
environmental drivers operating within each group of lakes. 

3.4. Influence of Catchment Land Use and Morphometry 

To further clarify the environmental controls underlying the hydrochemical differentiation 
revealed by the SOM analysis, the relationships between catchment land-use structure, 
morphometric characteristics of the lakes, and hydrochemical parameters were examined. The 
statistical relationships between land-use categories and hydrochemical parametrs are summarized 
in Figure 6a,b, which presents Pearson correlation coefficients between hydrochemical variables and 
the structure of land cover within the 1000 m buffer zones around the lakes. Clear contrasts are 
evident between forest-dominated and agriculturally influenced catchments. Forest cover shows 
consistent negative correlations with nutrient and organic maĴer indicators, including TN (r = –0.61), 
BOD₅ (r = –0.55), COD (r = –0.48), and TSS (r = –0.39). These relationships indicate that forest 
ecosystems function as an effective natural buffer, reducing diffuse nutrient runoff and limiting the 
input of particulate maĴer into lake systems. In contrast, agricultural land exhibits strong positive 
correlations with several hydrochemical variables. The highest associations are observed for TN (r = 
0.72) and BOD₅ (r = 0.67), followed by COD (r = 0.63) and TSS (r = 0.58). These relationships indicate 
that agricultural landscapes represent an important source of nutrient enrichment and organic maĴer 
inputs to the lakes. A moderate positive relationship between agricultural land and TDS (r = 0.54) 
also suggests that agricultural runoff may contribute to increased mineralization through the 
transport of dissolved ions. Wetland ecosystems display a distinct paĴern of relationships with 
hydrochemical variables. The strongest correlation is observed between wetlands and Fe (r = 0.62), 
reflecting the influence of peat-rich environments and reducing conditions that enhance iron 
mobilization in aquatic systems. Wetlands also show moderate positive relationships with COD (r = 
0.45) and BOD₅ (r = 0.38), indicating that humic substances derived from peatlands and wetland 
vegetation contribute to the organic maĴer pool of the lakes. Although built-up areas represent only 
a minor fraction of the landscape in the studied catchments, they demonstrate moderate positive 
correlations with several hydrochemical indicators, including TN (r = 0.41) and TDS (r = 0.37). These 
relationships likely reflect localized anthropogenic influences associated with seĴlements and 
recreational infrastructure in certain lake areas [42]. 
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Figure 6. Pearson correlation coefficients matrix (a) and relationship between land use structure and 
hydrochemical parametrs (b); PCA biplot showing relationships between hydrochemical parameters, land-use 
variables and SOM clusters (c); аverage land use indicators for SOM clusters (d). 

To explore the combined influence of land use, hydrochemistry, and SOM classification, PCA 
was performed (Figure 6c). The first two principal components explain 75.69% of the total variance, 
indicating that the main paĴerns of hydrochemical variability are well represented in the ordination 
space. The first principal component (PC1) accounts for 55.22% of the variance and represents the 
dominant gradient of nutrient and organic maĴer enrichment associated with agricultural land use. 
Positive loadings on PC1 are observed for TN (0.86), BOD₅ (0.82), COD (0.78), TSS (0.74), and TDS 
(0.69), while agricultural land cover shows a strong positive loading (0.81). In contrast, forest cover 
exhibits a pronounced negative loading (−0.79) along the same axis, indicating that forest-dominated 
catchments are associated with lower concentrations of nutrients and organic maĴer in lake waters. 
The second principal component (PC2) explains 20.47% of the variance and reflects a secondary 
gradient related primarily to wetland influence and redox-sensitive geochemical processes. This 
component is strongly associated with Fe (loading 0.83) and with the wetlands land-use category 
(loading 0.68), suggesting that iron dynamics in the studied lakes are largely controlled by the 
hydrological and geochemical conditions typical of peatland environments. Under such conditions, 
reducing processes in organic-rich soils and sediments promote the mobilization of dissolved iron, 
which is subsequently transported into adjacent lake basins. The spatial arrangement of SOM clusters 
within the PCA ordination further supports this interpretation. Cluster 1, representing lakes 
surrounded predominantly by forest landscapes, is located in the negative sector of PC1 and is 
associated with relatively low concentrations of nutrients and suspended maĴer. Cluster 2 occupies 
an intermediate position along the PC1 gradient, reflecting mixed catchment characteristics with 
moderate agricultural influence and corresponding hydrochemical conditions. In contrast, Cluster 3 
is clearly positioned in the positive sector of PC1, where hydrochemical parameters related to 
nutrient enrichment (TN, BOD₅, COD, and TSS) show their highest loadings. This cluster corresponds 
to lakes located in catchments with the greatest proportion of agricultural land, indicating a stronger 
influence of diffuse nutrient inputs from surrounding landscapes. Overall, the PCA results 
demonstrate that catchment land use represents a primary environmental driver of hydrochemical 
variability in the studied Polissia lakes, with agricultural landscapes promoting nutrient enrichment 
and forest ecosystems exerting a buffering effect. At the same time, the second environmental 
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gradient associated with wetlands highlights the importance of peatland hydrology and redox 
processes in regulating Fe concentrations and shaping specific hydrochemical characteristics of 
individual lake systems [43]. 

The relationships between catchment land use and hydrochemical regimes become particularly 
evident when examining the average landscape composition associated with each SOM cluster 
(Figure 6d). Cluster 1, representing lakes with near-background hydrochemical conditions, is 
characterized by a high proportion of forest cover (62.3%), combined with moderate shares of 
agricultural land (22.2%) and wetlands (9.2%). Built-up areas constitute only a small fraction of the 
catchments (0.8%). This landscape configuration is consistent with the hydrochemical characteristics 
identified earlier, including low concentrations of nutrients and suspended solids. Forest-dominated 
catchments likely limit external nutrient inputs through effective soil stabilization, high infiltration 
capacity, and biological nutrient uptake [44,45]. Cluster 2, which includes lakes characterized by 
elevated organic maĴer indicators and higher nutrient concentrations, displays a somewhat different 
landscape structure. The proportion of agricultural land increases to 24.9%, while forest cover 
decreases slightly to 57.0%. Wetlands represent 10.7% of the catchment area, and built-up areas 
account for approximately 1.2%. The increased share of agricultural land in this cluster supports the 
interpretation that diffuse nutrient runoff from cultivated areas contributes to the observed 
hydrochemical enrichment. Cluster 3, associated with mineralization-controlled hydrochemical 
regimes, is characterized by relatively high forest cover (65.8%) and a lower proportion of agricultural 
land (17.0%) compared with Cluster 2. Wetlands occupy 10.9% of the catchment area, while built-up 
areas represent about 0.8%. This landscape composition suggests that hydrochemical conditions in 
these lakes may be influenced not only by land use but also by geochemical factors such as 
groundwater inflow and basin lithology. Overall, the observed land-use gradient across the SOM 
clusters indicates variation in the relative proportions of forest and agricultural landscapes within 
lake catchments. Although several lakes are influenced by agricultural areas, their hydrochemical 
structure is primarily defined by elevated TDS, indicating stronger geochemical control related to 
groundwater inflow and basin lithology rather than direct nutrient enrichment [46]. 

The integration of SOM classification with land-use structure and hydrochemical indicators 
provides important insights into the biogeochemical functioning of the studied lake systems. Lakes 
belonging to Cluster 1 represent relatively stable ecosystems where hydrochemical conditions are 
largely regulated by natural landscape processes. High forest cover promotes nutrient retention 
within soils and vegetation, limiting the transfer of nitrogen and organic maĴer to the aquatic 
environment. As a result, these lakes exhibit low nutrient concentrations, reduced organic loading, 
and relatively balanced biogeochemical cycles. In Cluster 2, the increased influence of agricultural 
landscapes results in enhanced external nutrient supply, which stimulates biological productivity 
and organic maĴer accumulation. Elevated values of TN, BOD₅, COD, and TSS in this cluster reflect 
intensified biological production, organic maĴer decomposition, and sediment–water interactions. 
These processes may increase the risk of eutrophication, particularly in shallow lakes where internal 
nutrient recycling can further amplify productivity [47]. Cluster 3 represents a different 
hydrochemical regime in which lake chemistry is controlled primarily by geochemical mineralization 
processes rather than biological productivity. Overall, the combined analysis of SOM classification, 
land-use structure, and multivariate statistical relationships demonstrates that hydrochemical 
variability in Polissia lakes is shaped by the interaction of catchment land use, hydrological 
connectivity, and lake morphometry. Forest-dominated catchments support relatively stable 
hydrochemical conditions, agricultural landscapes promote nutrient enrichment and organic maĴer 
accumulation, whereas groundwater-driven mineralization governs the chemistry of a smaller group 
of lakes with distinct geochemical characteristics [47,48]. 

3.5. Implications for Sustainable Water Management 

The hydrochemical paĴerns identified in the studied Polissia lakes highlight the importance of 
considering both catchment land use and internal lake processes when developing strategies for 
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sustainable water management. The integration of hydrochemical analysis, landscape metrics, and 
SOM classification revealed clear environmental gradients associated with agricultural pressure, 
forest buffering capacity, and wetland-driven geochemical processes. These findings provide a 
scientific basis for translating hydrochemical diagnostics into practical water management measures, 
particularly within the framework of Integrated Water Resources Management (IWRM) [49,50]. The 
results of the present study demonstrate that landscape structure acts as a primary driver of 
hydrochemical variability, with agricultural areas contributing to elevated concentrations of 
nutrients and organic maĴer, while forest-dominated catchments exert a stabilizing influence on 
water quality. Wetland systems, in turn, play a distinct role in regulating iron dynamics through 
redox-controlled geochemical processes. These interactions highlight the need for water management 
strategies that address not only the lake basins themselves but also the broader landscape context of 
lake catchments. The SOM-based classification provides a practical tool for identifying groups of 
lakes that share similar hydrochemical regimes and environmental drivers. Such classification allows 
water managers to move beyond individual lake assessments and instead adopt cluster-based 
management strategies, where lakes with comparable ecological characteristics can be addressed 
through similar monitoring and mitigation approaches. For example, lakes belonging to clusters 
associated with higher nutrient concentrations and greater agricultural influence require targeted 
measures aimed at reducing diffuse nutrient inputs from surrounding catchments. In contrast, lakes 
located in forest-dominated landscapes generally exhibit lower levels of nutrient enrichment and may 
primarily require conservation-oriented management to maintain existing ecological conditions. 

From the perspective of dominant environmental processes, the identified clusters represent 
three distinct mechanisms controlling lake hydrochemistry (Figure 7a). Cluster 1 is characterized by 
processes that promote nutrient retention and landscape buffering, including soil stabilization and 
infiltration, which limit external nutrient transport and support background or low-nutrient 
hydrochemical conditions. Cluster 2 reflects systems primarily influenced by surface runoff and 
organic maĴer inputs, where agricultural runoff and nutrient enrichment processes increase the 
delivery of nutrients and organic material to lakes, resulting in organically enriched hydrochemical 
regimes. In contrast, Cluster 3 is controlled mainly by subsurface hydrological and geochemical 
processes, particularly groundwater inflow, mineral leaching, and geochemical interactions within 
the catchment, which lead to increased mineralization and elevated concentrations of dissolved solids 
in lake waters. Together, these clusters illustrate how different dominant processes: buffering, runoff-
driven enrichment, and groundwater-mediated geochemical control, govern the formation of distinct 
hydrochemical lake types. The conceptual integration of these results into a broader management 
perspective is illustrated in Figure 7 a,b, which presents a framework linking SOM-derived 
hydrochemical clusters with elements of the IWRM approach. In this scheme, hydrochemical 
monitoring and multivariate data analysis form the scientific foundation for identifying 
environmental drivers and classifying lakes according to their hydrochemical regimes. The resulting 
SOM clusters serve as an intermediate step connecting scientific assessment with practical 
management decisions. Through this integration, hydrochemical diagnostics can inform catchment-
scale planning, including land-use regulation, protection of forested buffer zones, and the 
conservation of wetland systems that play an important role in regulating biogeochemical processes. 
Within the proposed framework, hydrochemical indicators such as TN, BOD₅, COD, TSS, Fe, and 
TDS act as operational variables that reflect the cumulative influence of landscape processes on lake 
ecosystems. Their analysis through SOM and complementary statistical methods enables the 
identification of dominant environmental gradients and provides an objective basis for evaluating 
water quality conditions across multiple lakes. By linking these hydrochemical paĴerns to catchment 
characteristics, the proposed approach supports the development of adaptive management strategies 
tailored to specific environmental conditions [51–53]. 
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Figure 7. Process linkages underlying the identified lake clusters (a) and conceptual integration of SOM-derived 
clusters into the IWRM framework implementation: b) – IWRM governance framework; c) – SOM-based 
hydrochemical classification. 

The relationships identified in this study between land-use structure and hydrochemical 
indicators are consistent with paĴerns reported in other freshwater ecosystems. Forest-dominated 
catchments are widely recognized for their buffering capacity, which reduces the export of nutrients 
and suspended maĴer through increased infiltration, soil stabilization, and biological uptake. For 
instance, research on forest management and water quality has shown that forested landscapes 
generally limit nutrient runoff and contribute mainly natural organic maĴer derived from vegetation 
and liĴer inputs [54]. Similarly, investigations of forest catchments surrounding through-flow lakes 
demonstrated that surface runoff from forested areas typically results in relatively stable 
hydrochemical conditions characterized by moderate organic maĴer inputs but limited 
anthropogenic nutrient enrichment [55]. In contrast, agricultural landscapes are frequently associated 
with elevated concentrations of nitrogen compounds and suspended solids due to fertilizer 
application, soil disturbance, and enhanced surface runoff. 

Numerous studies have demonstrated that agricultural intensification represents one of the 
primary drivers of nutrient enrichment in freshwater systems, often promoting eutrophication 
processes and increased organic maĴer accumulation in lakes and reservoirs [5,6]. Wetland 
ecosystems represent another important landscape component influencing lake hydrochemistry. Peat 
soils and reducing conditions typical of wetlands can significantly increase the mobilization of Fe and 
dissolved organic carbon, thereby altering the geochemical composition of adjacent water bodies. 
Previous studies have reported elevated Fe concentrations and humic substances in wetland-
influenced lakes, reflecting the influence of peat-derived organic maĴer and redox-controlled 
geochemical processes [56,57]. Such mechanisms are consistent with the positive relationship 
observed in this study between wetland coverage and Fe concentrations. Finally, although built-up 
areas occupy only a minor proportion of the catchments analyzed in this work, urbanized landscapes 
can influence hydrochemical conditions through the introduction of dissolved ions and 
anthropogenic pollutants derived from infrastructure, road runoff, and wastewater inputs. Recent 
large-scale analyses of lakes have shown that human activities in developed areas may significantly 
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alter ionic composition and increase specific conductance and total dissolved solids in freshwater 
systems [58]. Similarly, studies of urbanizing lake basins have demonstrated that urban expansion 
may modify hydrological balance and enhance the transport of dissolved substances into lake waters 
[59]. Taken together, these findings support the interpretation that the hydrochemical variability 
observed in the Polissia lakes is strongly linked to the structure of surrounding landscapes. Forest 
ecosystems primarily contribute to the stabilization of hydrochemical regimes, agricultural areas 
promote nutrient enrichment and suspended maĴer transport, wetlands influence Fe and organic 
maĴer dynamics, while built-up areas may contribute to increased mineralization and anthropogenic 
contaminants. 

Overall, the integration of SOM-based hydrochemical classification with the IWRM framework 
provides a methodological pathway for translating complex environmental datasets into actionable 
management knowledge. Such an approach is particularly valuable for regions characterized by 
numerous small lakes and heterogeneous landscapes, where traditional lake-by-lake management 
may be inefficient. By emphasizing the connections between catchment land use, hydrochemical 
processes, and ecosystem responses, this framework contributes to the development of science-based 
strategies for sustainable lake and watershed management in the Polissia region and comparable 
temperate lake districts. 

5. Conclusions 

This study developed a data-driven hydrochemical classification of natural lakes in the Polissia 
region by integrating hydrochemical monitoring data, landscape characteristics, and multivariate 
analytical methods. The combined application of statistical analysis, SOM, and PCA enabled the 
identification of the dominant environmental gradients controlling lake water chemistry and 
provided a framework for linking hydrochemical regimes with catchment processes. The results 
demonstrated substantial spatial variability of hydrochemical parameters among the studied lakes. 
Concentrations of TN, BOD₅, COD, TSS, Fe, and TDS varied considerably between systems, reflecting 
differences in catchment land use, hydrological connectivity, and internal biogeochemical processes. 
Correlation analysis revealed strong positive relationships among nutrient and organic maĴer 
indicators (TN, BOD₅, COD, and TSS), indicating that these variables are largely controlled by 
common sources and transport pathways associated with external loading from the surrounding 
landscape. 

The SOM analysis identified three hydrochemical clusters, each representing a distinct type of 
water quality regime. The first cluster included lakes characterized by relatively low nutrient and 
organic maĴer concentrations, typically located in forest-dominated catchments with limited 
anthropogenic influence. The second cluster represented intermediate hydrochemical conditions 
associated with mixed land-use landscapes. The third cluster was characterized by elevated 
concentrations of nutrients and suspended maĴer, reflecting stronger influence of agricultural land 
use and diffuse catchment inputs. The stability of this classification was confirmed through bootstrap 
SOM analysis, indicating that the identified clusters represent robust hydrochemical paĴerns. The 
integration of hydrochemical data with catchment characteristics demonstrated that landscape 
structure plays a key role in shaping lake water chemistry. Forest cover showed a consistent negative 
relationship with nutrient and organic maĴer concentrations, indicating its buffering function in 
limiting external loading. In contrast, agricultural land was positively associated with TN, BOD₅, 
COD, TSS, and TDS, confirming its role as a major driver of nutrient enrichment in the studied lake 
systems. Wetlands exhibited a distinct relationship with Fe concentrations, highlighting the 
importance of peatland hydrology and redox processes in regulating Fe dynamics. 

Multivariate ordination further confirmed that nutrient enrichment and organic maĴer 
accumulation represent the primary environmental gradient controlling hydrochemical variability, 
while a secondary gradient is associated with wetland influence and redox-controlled geochemical 
processes. The spatial distribution of SOM clusters within the PCA space supports the interpretation 
that the hydrochemical typology reflects underlying catchment-scale environmental controls. The 
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proposed integration of SOM-based hydrochemical classification into an IWRM framework provides 
a practical approach for translating complex monitoring data into management-relevant knowledge. 
By grouping lakes according to dominant hydrochemical regimes and environmental drivers, the 
approach enables the development of cluster-specific monitoring strategies and catchment 
management measures. Such a framework is particularly relevant for lake-rich regions such as 
Polissia, where sustainable water management requires coordinated consideration of lake ecosystems 
and their surrounding landscapes. 
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