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Abstract


Large rivers are crucial for the functioning of individual regions and entire countries. However, despite their importance, relevant data allowing for a full assessment of the processes and phenomena occurring within them are often lacking. In the contemporary context, climate change has become a key factor affecting river ecosystems, leading to transformations in one of their fundamental characteristics—thermal conditions. This study analyzes the relationships between air temperature and water temperature in the four largest rivers in Poland, using a diversified methodological approach (wavelet analysis, lag non-linear models, copula), which broadens the current understanding of rivers in Central Europe. All three analytical paths confirmed a strong relationship between the two media, forming a basis for further research aimed at addressing data gaps and determining the direction and rate of changes over the period 1965–2024. All cases showed a statistically significant positive trend, with rates varying slightly from 0.32 to 0.38 °C · decade−1 (an average increase of 0.35 °C · decade−1). The ongoing transformation of the thermal regime—its scale and rate—should be taken into account in interdisciplinary studies of river ecosystems, as well as by agencies responsible for water resource management. This issue is particularly important in the context of sustainable development, where the economic use and ecological condition of river systems are closely linked to water temperature.
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1. Introduction


The pursuit of continuous development is an inherent trait of humankind, and the realization of these goals inevitably has either a direct [1] or indirect impact on the natural environment. Numerous studies have demonstrated that individual components of the hydrosphere respond distinctly to global warming [2,3,4,5,6]. In the terrestrial phase of the water cycle, rivers play a key role, as their significance is multifaceted. From the perspective of natural processes, rivers are decisive for the transport of matter [7,8,9]. From an economic standpoint, they serve as sources of irrigation, energy, transport, fisheries, and as essential landscape-forming elements [10,11,12,13]. Among the many parameters that characterize river ecosystems, water temperature is one of the most critical, as it determines their overall functioning [14,15,16]. The temperature of river water is both directly and indirectly dependent on climate change [17]. Consequently, in the context of global climate change, increasing attention has been devoted to long-term variations in river thermal regimes, where air temperature plays a decisive role. As demonstrated in the case of Arctic rivers in Russia [18], the rise in water temperature resulted primarily from changes in air temperature (in approximately 70% of cases). Similarly, projected air temperature increases in Canada may intensify future river warming, potentially leading to further significant ecological consequences [19].



Thermal monitoring of rivers is essential for developing scenarios related to the physical, chemical, and biological processes occurring within these ecosystems [20]. Understanding changes in water temperature is crucial for effective river environment management [21]. An increase in water temperature has both direct and indirect effects on aquatic life, and it also influences eutrophication processes and the spread of waterborne diseases [22]. The warming of watercourses has been observed to affect ichthyofauna, resulting in an expansion of fish populations toward the polar limits of their distribution ranges and a corresponding decline toward the equatorial boundaries [23]. Higher water temperatures also affect the bioavailability, toxicity, and bioaccumulation of toxic metals in aquatic plants [24].



In Poland, studies on river water thermal regimes have covered a wide range of topics, including the effects of forest cover [25], projections of future changes [26], the impact of dams [27], heat waves [28], diurnal fluctuations [29], and long-term variability [30], among others. For the latter, it should be noted that such analyses require continuous, long-term observational records. However, not all rivers have complete datasets. As pointed out by Daigle and Légaré [31], detecting trends in environmental data can be challenging, and in the case of river temperature, this difficulty often results from the limited length of time series. These gaps are increasingly being addressed through the growing use of modeling techniques [32]. The purpose of this study is to determine the relationships between air and water temperatures and their long-term variability for the four largest rivers in Poland over the period 1965–2024. The research objectives were implemented through: statistical analyses of air–water temperature relationships, reconstruction of missing water temperature data, and identification of long-term and seasonal trends at monthly and annual scales. The novelty in this study lies in the application of advanced analytical methods to determine the relationships between air and water temperature—approaches that have not previously been used for Polish rivers. Such an approach can serve as an effective tool for studying river temperature in Central Europe, which is the focus of numerous recent studies [33,34,35]. Historically, scientific and economic attention has often focused on major rivers, which is understandable given their strategic and environmental significance for individual countries and regions. The implementation of the present research objectives aligns with this long-standing perspective.




2. Materials and Methods


2.1. Study Area


Our goal is to understand how air temperature (AT) and river water temperature (WT) co-evolve, how quickly WT responds to changes in AT, and how often high AT and high WT occur together. We therefore use a complementary, three-step framework. First, wavelet analyses identify when and at what time-scales the two series move together, including seasonal and multi-year patterns. Second, distributed lag non-linear models (DLNM) quantify how strongly and how soon WT responds to AT across different temperature ranges and delays (weeks–months). Third, copula models describe the joint behavior of AT and WT—including the likelihood of extreme combinations relevant for ecological stress. This layered approach links timing (wavelets), effect magnitude and lag (DLNM), and joint risk (copulas), providing both physical insight and decision-relevant metrics.



The subject of analysis includes the four largest rivers in Poland, all of which belong to the Baltic Sea catchment area (Figure 1). The longest of them is the Wisła River (1047 km, the 15th longest river in Europe), followed by the Odra (854 km), the Warta (808 km), and the Bug (772 km). From a hydrological perspective, these rivers are characterized by either a moderately developed nival regime [36] or a strongly developed nival regime (Bug). In the first case, the average spring discharge amounts to approximately 130–180% of the mean annual discharge, whereas in the second regime, spring discharges exceed the annual mean by more than 180%.




2.2. Materials


The study utilized monthly aggregated measurements of water temperature. The data were obtained from the Institute of Meteorology and Water Management and collected according to a standardized procedure applied to all monitored rivers. Measurements were taken at a fixed point (near the water gauge), 0.4 m below the water surface. Air temperature data were also sourced from the Institute of Meteorology and Water Management, recorded at the nearest meteorological stations. These observations were conducted in accordance with WMO guidelines, with instruments placed in a standard weather shelter, 2 m above ground level.




2.3. Methods


Air–water temperature coupling in temperate rivers is nonstationary, exhibits lagged and non-linear responses due to thermal inertia, and raises management questions about compound and extreme states. We therefore combined three complementary tools. Wavelet power and coherence localize co-variability in the time–frequency domain and identify scale-specific lead–lag patterns, indicating when and at which periods air temperature (AT) and water temperature (WT) co-evolve. Guided by these scales, Distributed Lag Non-Linear Models (DLNM) quantify the exposure lag response surface, resolving delayed and non-linear WT sensitivities to AT. Finally, copula models characterize the dependence structure, including tail dependence, to estimate probabilities of joint high-AT/high-WT conditions relevant for ecological thresholds. This staged approach addresses distinct inferential targets that no single method can provide alone, yielding a physically interpretable and decision-relevant assessment.



2.3.1. Thermal Coupling Between Air and Water Temperature


This study employed three analytical approaches to characterize the thermal coupling between air and water temperatures across four major Polish river systems (Wisła, Odra, Warta, and Bug) from 1965–2024. First, continuous wavelet transform analysis and wavelet coherence were applied to quantify time-frequency dynamics, revealing how variance is distributed across temporal scales (annual to multi-decadal) and measuring scale-dependent coupling strength between atmospheric and riverine thermal regimes [37,38]. Second, distributed lag non-linear models (DLNM) were constructed using tensor product splines to characterize the functional form of the air-water temperature relationship and its temporal decay structure across 0–12 month lags, providing explicit quantification of contemporary coupling strength and thermal memory [39]. Third, copula-based dependence models were fitted to examine the joint probability structure with particular attention to tail behavior, quantifying whether extreme warm and extreme cold conditions exhibit symmetric coupling or differential dependence at distributional extremes [40,41].



Wavelet Analysis


First, we applied continuous wavelet transform (CWT) and wavelet coherence (WTC) analysis. The purpose of this step was to identify when and at what time scales (from annual to multi-decadal) the air and water temperature signals move together. CWT decomposes each time series to show how its variance is distributed over time, while WTC quantifies the correlation strength and any lead-lag phase shifts between the two series at those specific time scales [37,38]. This allowed us to pinpoint the dominant periods of co-variability (e.g., the strong annual cycle). All mathematical formulations, including the Morlet wavelet, power spectrum calculations against AR(1) red noise, and coherence equations, are detailed in Supplementary Materials S1 [37,38,42,43,44].




Distributed Lag Non-Linear Models


Second, guided by the scales identified in the wavelet analysis, we used Distributed Lag Non-Linear Models (DLNM). The goal of this step was to quantify how strongly and how quickly water temperature responds to changes in air temperature [39,45]. DLNMs are a flexible regression technique that allowed us to create an “exposure-lag-response” surface. This surface simultaneously shows how the effect of an air temperature change is distributed over time (e.g., over several weeks or months) and how that effect differs at various temperature ranges (e.g., the response to a 2 °C change is different in winter than in summer). This step quantifies the river’s thermal “memory” and sensitivity. The specific model structure, including the tensor product B-spline basis functions and Gaussian error distribution, is provided in Supplementary Materials S1 [39,45,46,47,48,49,50].




Copula Analysis


Third, we employed copula-based models to describe the joint behavior and dependence structure of AT and WT [40,41]. While DLNM quantifies the response, copulas quantify the risk of simultaneous events. This method isolates the dependence structure from the marginal distributions of each variable. The primary goal was to understand the “tail dependence”—that is, to answer questions like: “When air temperature is extremely high (e.g., 95th percentile), what is the probability that water temperature is also extremely high?” This is crucial for assessing ecological stress and the likelihood of compound extreme events. The formal definitions, including Sklar’s theorem, the candidate copula families (e.g., Gaussian, Student-t, Clayton, Gumbel, Frank), parameter estimation, and model selection, are detailed in Supplementary Materials S1 [40,41,51,52,53,54,55,56,57,58,59,60,61,62,63,64].





2.3.2. Water Temperature Reconstruction


Complete datasets were available for the meteorological stations in Toruń, Gorzów Wielkopolski, Szczecin, and Włodawa, as well as for the hydrological stations on the Wisła and Bug rivers. However, for the Warta River, data were missing for the years 2010, 2011, and 2015–2024, while for the Odra River, data were missing for the years 2015–2024. To reconstruct the missing data, a linear regression model and a polynomial regression model were developed for each month to describe the relationship between the mean monthly air temperature and water temperature. For the Warta River, third- and second-degree polynomial regression models were applied for the period from December to March, whereas for the Odra River, fourth- and second-degree polynomial regression models were employed for the period from December to February. The developed models for the Warta and Odra rivers were validated using data from the periods 1965–2010 and 1965–2014, respectively. To evaluate model performance, the coefficient of determination (R2), root mean square error (RMSE), and mean absolute error (MAE) were calculated (Table S1). The validation results for the monthly periods showed, for the Odra River, R2 values ranging from 0.73 to 0.93, RMSE from 0.37 to 0.62 °C, and MAE from 0.27 to 0.50 °C; and for the Warta River, R2 values ranging from 0.71 to 0.91, RMSE from 0.40 to 0.66 °C, and MAE from 0.31 to 0.53 °C. For the annual period, the Odra River models yielded R2 = 0.86, RMSE = 0.26 °C, and MAE = 0.22 °C, whereas the Warta River models yielded R2 = 0.91, RMSE = 0.19 °C, and MAE = 0.15 °C. Therefore, based on these models, the missing water temperature data for both rivers were reconstructed.




2.3.3. Trend Analysis


Finally, trends in the monthly and annual mean water and air temperatures were analyzed. We analyzed trends in monthly and annual mean water and air temperatures. For this purpose, a classical approach was applied, using the Mann–Kendall test [65] to assess the significance of long-term changes, and Sen’s test [66] to determine the magnitude of these changes. The Mann–Kendall and Sen tests were performed using the modified mk package in R 3.5.1 developed by Patakamuri and O’Brien [67]. The Mann–Kendall was conducted at a significance level of 0.05. In addition, the relationships between the mean monthly and annual water and air temperatures were determined using the following equation: WT = aAT + b. The air temperature was assumed to be the independent variable and the water temperature as the dependent variable, where a and b are the equation parameters—the slope and the intercept, respectively.






3. Results


3.1. Wavelet Analysis and Coherence


To establish the baseline temporal variability structure in each river system, we examined continuous wavelet power spectra for water and air temperatures independently. The wavelet decomposition reveals how variance is distributed across timescales from sub-annual to multi-decadal periods, providing essential context for interpreting subsequent coherence analysis.



To establish the baseline temporal variability in each river system, we first examined the continuous wavelet power spectra. The results for all four rivers were highly similar, displaying the same dominant patterns. Therefore, we present the spectrum for the Wisła River (Figure 2) as a representative example and have moved the analogous spectra for the Odra, Warta, and Bug rivers to Supplementary Materials (Figures S1–S3).



The analysis reveals two primary findings common to all rivers. First, both air and water temperature spectra are overwhelmingly dominated by a single, high-power band concentrated at the 1-year (annual) period throughout the entire 1965–2024 timeframe. This confirms that the fundamental driver for the thermal regime of these large rivers is the strong, stable seasonal cycle. Second, the air temperature spectra show significant, intermittent power at decadal (10–20 year) scales, but this variability is clearly dampened or absent in the corresponding water temperature spectra. This pattern demonstrates the significant thermal inertia of these large river systems. The large water volume effectively acts as a low-pass filter, smoothing out shorter-term (decadal) atmospheric fluctuations while remaining tightly locked to the dominant annual cycle.



The wavelet coherence analysis (Figure 3) quantifies this strong, consistent coupling. For all four rivers, coherence values at the annual scale consistently exceed 0.90–0.95 across the entire study period.



The hydrological meaning of this is critical: it indicates that regional air temperature alone explains over 90% of the variance in monthly river water temperature. This finding provides a strong physical and statistical basis for using air temperature as a reliable proxy for reconstructing missing water temperature data. Furthermore, the phase arrows across all plots are uniformly in-phase (pointing right), showing no significant time lag between the air and water temperature peaks at this monthly scale. This implies that the rivers respond immediately (within the same month) to seasonal atmospheric forcing. The only notable inter-basin difference was a localized coherence enhancement in the Bug River at the 8–15 year band during 1985–2005, suggesting a temporary, heightened sensitivity to decadal-scale climate patterns in that specific basin.




3.2. Distributed Lag Non-Linear Models (DLNM)


While wavelet coherence quantifies coupling strength in the frequency domain, it does not reveal the functional form of the air-water temperature relationship or how this relationship evolves across different lag structures. To address these issues, we construct DLNM effect surfaces using tensor product B-splines that simultaneously model non-linearity in temperature response and temporal decay across 0–12 month lags.



While wavelet analysis confirms the timing and strength of the coupling, the Distributed Lag Non-Linear Models (DLNM) quantify the river’s functional thermal sensitivity and memory. The DLNM response curves (Figure 4) were remarkably uniform across all four rivers, indicating a common thermal behavior despite differences in catchment size. This spatial consistency allows for a consolidated interpretation. Two key characteristics emerged from the analysis. The first is the river’s immediate sensitivity (lag 0 response). We found that a 1 °C increase in concurrent air temperature results in a 0.85–0.95 °C increase in water temperature across all systems. The hydrological meaning of this sub-1.0 response is the signature of immediate thermal buffering. Even within the same month, factors such as groundwater inflow and the sheer thermal mass of the water provide a slight but consistent buffer against direct atmospheric forcing. The second characteristic is the river’s “thermal memory,” or how long an air temperature signal persists. The influence of air temperature decays rapidly: the effect is reduced by approximately 50% at a lag of 3–4 months and becomes negligible (approaching 5–10%) at lags beyond 6–9 months. This defines the practical limit of the river’s thermal memory. It means a river’s temperature in a given season (e.g., summer) is almost entirely independent of the atmospheric conditions from two seasons prior (e.g., the preceding winter). The river’s thermal regime effectively “resets” itself seasonally, implying that the long-term warming trends identified later (Section 3.4) are a result of a consistently shifting baseline rather than an intra-annual accumulation of residual heat. The models also revealed non-linear responses at temperature extremes, with thermal buffering evident at cold temperatures (0–5 °C) and enhanced coupling during warm conditions (15–20 °C).




3.3. Copula Analysis and Joint Distributions


The wavelet and DLNM analyses establish strong coupling and quantify its functional form, but neither method fully characterizes the dependence structure at distributional extremes. Copula analysis addresses this gap by examining the rank-based dependence structure after transforming marginals to uniform scales, allowing us to quantify whether extreme warm and extreme cold conditions exhibit symmetric coupling or whether tail dependence differs between upper and lower temperature quantiles. This is particularly relevant for understanding how heat waves and cold snaps propagate from atmosphere to rivers. The copula-based joint probability density functions for the four Polish river systems reveal the rank-based dependence structure between water and air temperatures after transforming both variables to uniform probability scales through empirical cumulative distribution functions. The copula analysis addresses the dependence structure at distributional extremes, which is critical for assessing ecological risk. The scatter plots for all four rivers (Figure 5) show a strong concentration of points along the 1:1 diagonal, confirming the tight, monotonic positive dependence between air and water temperatures found in the previous analyses.



This analysis pattern is quantitatively confirmed by the joint probability density functions (Figure 6), which show a strong concentration of probability density (values >0.25, yellow coloring) along the main diagonal.



The most critical finding, however, is the clear asymmetry in this dependence structure, visible in both sets of plots. In the upper tail (quantiles > 0.8), the points in the scatter plot cluster very tightly around the diagonal, and correspondingly, the density plot shows the high-density region becoming narrower and more compressed, indicating strong upper-tail dependence. The ecological meaning of this is that atmospheric heatwaves transfer to the river with high, predictable efficiency; an extremely hot month for air is very likely to be an extremely hot month for water, heightening the risk of thermal stress and low dissolved oxygen events. In contrast, the lower tail (quantiles < 0.2) shows points that are visibly more scattered, a pattern reflected in the density plot as a broader, more diffuse distribution of probability, indicating weaker lower-tail dependence. The hydrological meaning of this is the clear signature of ice physics. Once air temperature drops significantly below 0 °C, the river water reaches its freezing point. The formation of ice cover then decouples the water from the air, insulating it. The air can continue to plummet, but the river water remains locked near 0 °C, thus “breaking” the linear relationship observed at warmer temperatures.




3.4. Trend Analysis


The highest mean annual water temperature was recorded for the Odra River (10.9 °C), and the lowest for the Bug River (9.8 °C). These rivers are located at the westernmost and easternmost parts of Poland, respectively. The analysis of long-term air temperature trends, conducted for monthly periods, revealed a general warming over the period 1965–2024. The strongest increases occurred in January (mean rate of 0.62 °C · decade−1), while the weakest were observed in May (mean rate of 0.21 °C · decade−1) (Table S2). At the Toruń station (Wisła Basin), changes in February, March, and May, and at the Włodawa station (Bug Basin) in May were not statistically significant at the 0.05 level. Analysis of mean annual air temperatures showed consistent increases across all stations, ranging from 0.39 °C · decade−1 at Szczecin (Odra Basin) to 0.43 °C · decade−1 at Toruń, Gorzów, and Włodawa (Figure 7). For water temperatures, monthly trends ranged between 0.16 °C · decade−1 and 0.45 °C · decade−1, with the highest values recorded in August. Only for the Wisła River in February and the Bug River in May were the changes not statistically significant (p > 0.05). Mean annual water temperatures also increased, from 0.32 °C · decade−1 in the Bug River to 0.38 °C · decade−1 in the Wisła River (Figure 7).



Lower changes in water temperature observed in January, February, and December were attributed to the occurrence of ice phenomena, which reduce the influence of air temperature fluctuations. In these winter months, correlations between changes in mean monthly water and air temperatures were inverse, whereas from March to November they were directly proportional (Figure 8).



Moreover, the analysis of the relationship WT = a.AT + b between water temperature (WT) and air temperature (AT), conducted on a monthly and annual basis for the years 1965–2024, revealed a strong relationship between water and air temperatures. On an annual scale, the values of the correlation coefficients ranged from 0.92 to 0.98 for the Wisła and Warta rivers, respectively (Table S3). On a monthly scale, the weakest relationships between water and air temperatures occurred during the winter months, from December to January. For the Wisła River, correlation coefficients ranged from 0.68 to 0.75, for the Oder from 0.87 to 0.92, for the Warta from 0.84 to 0.89, and for the Bug from 0.67 to 0.74. The relationship between WT and AT was weakened by the occurrence of ice phenomena. In contrast, the strongest relationships between WT and AT in the studied rivers were observed in June, with correlation coefficients ranging from 0.93 to 0.97.





4. Discussion


Contemporary climate change is driving transformations across numerous components of the natural environment, with rates of change varying according to their sensitivity and interactions with climatic factors. Each environmental process or phenomenon is governed by the combined influence of multiple variables, whose relative contributions differ depending on local conditions [68,69]. Within the hydrosphere, water temperature is a key characteristic that, as noted in the introduction, exerts a broad influence on aquatic ecosystems. However, information concerning the thermal regimes of rivers is often limited by the availability of appropriate long-term datasets. As observed by Grey et al. [70], the analysis of long-term water temperature time series can be challenging due to low sampling frequency and data gaps. In addition to the lack or discontinuity of direct temperature records, a broader issue arises—namely, the limited availability of environmental data describing variables that shape river thermal conditions. This limitation hinders comprehensive assessments of factors determining river water temperature. A commonly used approach to overcome this issue involves estimating river thermal characteristics based on air temperature data, which typically show strong correlation between the two variables [71,72]. However, these relationships weaken when the water surface becomes insulated from atmospheric influences by ice cover, often resulting in inverse relationships during the winter season (Dec–Feb). Such dynamics are typical of rivers in cold regions, as confirmed by previous studies. For example, in the case of the Hinøgla River (Norway), water temperature in July, August, and September was found to be strongly correlated with air temperature, whereas this relationship was considerably weaker during the remaining months due to ice and snow cover conditions [73].



It should be emphasized that air temperature measurements constitute some of the longest continuous environmental records, extending in the case of certain stations back to the 18th century [74]. Moreover, the global coverage and high consistency of these observations provide a reliable background for further analyses, including those related to processes occurring within the hydrosphere. The analyses conducted in this study confirmed a strong relationship between river water temperature and air temperature for the largest rivers in Poland. This finding forms a solid basis for reconstructing missing data and for identifying trends. As noted by Worrall et al. [75], understanding the relationship between climate change and river thermal response requires long-term datasets, which provide greater reliability in detecting and quantifying such changes.



In the case of small rivers, the influence of local factors on water temperature is more pronounced. For instance, the thermal regime of the small Kocunia River (northern Poland) is strongly shaped by its position within the hydrographic network. Measurements taken downstream of Lake Sławianowskie showed that the mean annual water temperature was on average 1.5 °C higher, with the largest differences observed during the summer–autumn period, exceeding 4.0 °C [76]. Small rivers are also more affected by shading effects, which enhance their resistance to heating. A comparison of two Polish rivers demonstrated that higher forest cover reduced mean annual water temperature by 1.2 °C, and in the summer season, the difference reached 2.6 °C [25]. In contrast, large rivers, due to their geometric parameters and greater water mass (volume), exhibit higher thermal inertia. As a result, the heat exchange between atmospheric and local factors along particular reaches is largely buffered by the river’s transit character. The St. Lawrence River warmed more slowly in spring compared to its tributaries but remained warmer during autumn [77]. For the largest Polish rivers, similar behavior is reflected in consistent annual warming trends, averaging 0.35 °C · decade−1, with a narrow range from 0.32 to 0.38 °C · decade−1. These results align with the broader global pattern of river thermal regime shifts observed elsewhere. The Danube River, one of Europe’s major rivers, has warmed by 1.15 °C over the past three decades [78]. In the Yongan River basin (China), water temperature increased by 0.029–0.046 °C per year over a period exceeding thirty years (1980–2012) [79]. For the Hudson River (USA), a longer-term analysis (1920–1990) revealed a significant upward trend of 0.12 °C · decade−1 [80]. Research on the lower course of the Columbia River has shown that it is warming at a rate of 1.3 °C ± 0.1 °C per century [81]. Future projections are concerning. For the Rhine River, one of the largest in Central Europe, mean annual water temperature is expected to rise by +0.6 to +1.4 °C in the near future, and by +1.9 to +2.2 °C in the longer term [82].



Given the crucial role of water temperature in maintaining aquatic ecosystem functioning, the changes observed in this study should be considered unfavorable, particularly with regard to water quality. Research on the Vrishabhavathy River (India) showed that water temperature is significantly negatively correlated with dissolved oxygen (DO) and pH, and positively correlated with conductivity, biological oxygen demand (BOD), chemical oxygen demand (COD), total hardness, and total dissolved solids [83]. Dissolved oxygen concentration is a key parameter in assessing water quality, as it affects a river’s self-purification capacity and determines the rate of mineralization [84]. Measurements from 2024 [85] indicate that the lowest oxygen concentrations in the analyzed rivers ranged from 7.3 to 8.7 mg/L. As noted by Morrill et al. [86], increases in water temperature can reduce dissolved oxygen levels, posing a threat to numerous aquatic species. In accordance with the EU Water Framework Directive, rivers are evaluated in terms of the ecological status of their water bodies, and for the cases analyzed here, the overall status was classified as bad [87]. Additionally, the hydrological monitoring stations included in this study were located in catchments sensitive to eutrophication, as evidenced by phenomena such as accelerated algal growth. Thermal changes also modify habitat conditions for aquatic organisms. In the context of climate change and ongoing warming trends, knowledge of species-specific thermal requirements is critical. In some of the studied Polish rivers, certain fish species are already living near their upper thermal thresholds [88]. Shifts in the spatial distribution of ichthyofauna may create opportunities for other species, including invasive ones, to occupy these niches, as they may be better adapted to the altered environmental conditions. Previous studies have confirmed the presence of invasive species in the analyzed rivers [89,90,91]. The impact of invasive alien species currently represents a threat to biodiversity. Therefore, a thorough understanding of key ecosystem parameters, including water temperature, is essential for effective monitoring and management of riverine ecosystems. The relationships observed between water and air temperatures provide a valuable basis for incorporating thermal dynamics into water resource management, particularly since long-term changes affect the physico-chemical properties of water, including eutrophication processes. Future research should further explore the influence of catchment characteristics on the thermal regime and the contribution of anthropogenic thermal pollution.




5. Conclusions


Contemporary climate change highlights the need to understand processes affecting various components of the geosystem, including the hydrosphere. Among these, rivers play a particularly important role, and knowledge of the largest rivers is crucial at both national and regional scales. The study applied a previously unused analytical approach to the four largest rivers in Poland, demonstrating that considering one variable (air temperature) can be an effective solution for examining the thermal regime of rivers in the temperate zone. Such an approach is particularly valuable in situations where data on other variables affecting water temperature are lacking or incomplete. Given the critical importance of water temperature, this knowledge has practical applications in water resources management, including issues related to the physical and chemical properties of water and the assessment of its quality. Moreover, it is essential for the use of rivers in energy systems, as long-term changes driven by global warming may alter current operational assumptions. The ongoing transformation of river thermal regimes, as well as its scale and pace, should be carefully considered in interdisciplinary studies of riverine ecosystems and by agencies responsible for water resource management.
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Figure 1. Location of research rivers. 
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Figure 2. Distribution of wavelet power spectra for the Wisla river thermal regime across time-frequency from 1965–2024 for (a) water temperature, and (b) air temperature. 
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Figure 3. Wavelet coherence analysis between water and air temperature for four major Polish river systems. Cross-wavelet coherence spectra for (a) Wisła, (b) Odra, (c) Warta, and (d) Bug Rivers spanning approximately 1965–2024. 
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Figure 4. Distributed Lag Non-Linear Model (DLNM) response curves showing water temperature (°C) as a function of air temperature and temporal lag structures for four Polish river systems. (a) Wisła, (b) Odra, (c) Warta, and (d) Bug Rivers. 
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Figure 5. Copula scatter plots depicting rank-based dependence between water and air temperature for four Polish river systems. (a) Wisła, (b) Odra, (c) Warta, and (d) Bug Rivers. 
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Figure 6. Copula-based joint probability density functions for water and air temperature dependence structures in four Polish river systems. (a) Wisła, (b) Odra, (c) Warta, and (d) Bug Rivers. 
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Figure 7. Changes in mean annual air and water temperatures in the catchments of the Wisła (a), Odra (b), Warta (c), and Bug (d) river. 
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Figure 8. Relationships between mean monthly changes in air and water temperatures for: December, January and February (red) and for March–November (blue). 
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