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Abstract

:

Water quality is affected by multiple spatial and temporal factors, including the surrounding land characteristics, human activities, and antecedent precipitation amounts. However, identifying the relationships between water quality and spatially and temporally varying environmental variables with a machine learning technique in a heterogeneous urban landscape has been understudied. We explore how seasonal and variable precipitation amounts and other small-scale landscape variables affect E. coli, total suspended solids (TSS), nitrogen-nitrate, orthophosphate, lead, and zinc concentrations in Portland, Oregon, USA. Mann–Whitney tests were used to detect differences in water quality between seasons and COVID-19 periods. Spearman’s rank correlation analysis was used to identify the relationship between water quality and explanatory variables. A Random Forest (RF) model was used to predict water quality using antecedent precipitation amounts and landscape variables as inputs. The performance of RF was compared with that of ordinary least squares (OLS). Mann–Whitney tests identified statistically significant differences in all pollutant concentrations (except TSS) between the wet and dry seasons. Nitrate was the only pollutant to display statistically significant reductions in median concentrations (from 1.5 mg/L to 1.04 mg/L) during the COVID-19 lockdown period, likely associated with reduced traffic volumes. Spearman’s correlation analysis identified the highest correlation coefficients between one-day precipitation amounts and E. coli, lead, zinc, and TSS concentrations. Road length is positively associated with E. coli and zinc. The Random Forest (RF) model best predicts orthophosphate concentrations (R2 = 0.58), followed by TSS (R2 = 0.54) and nitrate (R2 = 0.46). E. coli was the most difficult to model and had the highest RMSE, MAE, and MAPE values. Overall, the Random Forest model outperformed OLS, as evaluated by RMSE, MAE, MAPE, and R2. The Random Forest was an effective approach to modeling pollutant concentrations using both categorical seasonal and COVID data along with continuous rain and landscape variables to predict water quality in urban streams. Implementing optimization techniques can further improve the model’s performance and allow researchers to use a machine learning approach for water quality modeling.
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1. Introduction


Urban streams show substantial spatial and temporal variations in water quality due to spatially complex and heterogeneous landscapes. Throughout a city, pollutant concentrations are typically high in highly developed areas, while they are low in open or forested areas [1]. Water quality also varies substantially by season, which is associated with flow variability. A study of urban catchments in Southern California found higher levels of pollution corresponding to higher storm-runoff volumes [2]. Larger amounts of storm runoff and increased potential pollution sources in urban areas leave stormwater runoff susceptible to being greatly polluted, which can be detrimental to public and ecological health [3]. Our goal is to understand the environmental and anthropogenic factors that explain the behavior of total suspended solids (TSS), nitrate, orthophosphate, E. coli, lead, and zinc levels in stormwater runoff throughout the metropolitan area of Portland, Oregon, USA. Understanding the spatial and temporal variations in pollutant concentrations can help manage stormwater systems to minimize the threat to the public and the surrounding ecosystems.



Stormwater-runoff quality can vary substantially within the same season since the storm intensity and duration and soil moisture conditions can affect the source, pathway, and delivery of pollutants [4,5]. Antecedent precipitation has been cited as a principal factor that influences the levels of pollutants in stormwater runoff [1,5,6]. Antecedent precipitation provides the ground surface moisture, which allows for the greater accumulation and mobilization of pollutants [5]. On the other hand, significant antecedent rain amounts can have a diluting effect on pollutants and lower their overall measured levels in stormwater runoff [6]. This demonstrates that antecedent precipitation’s effect on pollutants is situational. While previous studies examined how previous days’ amounts of rainfall are associated with the concentrations of pollutants in the stormwater runoff [1,5,6], no previous studies have examined how the relationship between antecedent precipitation and the pollutant concentration changes with respect to the surrounding land characteristics. Thus, this study seeks to fill the gap in the literature by considering both spatial (land cover and infrastructure) and temporal (antecedent precipitation amount) variables that are likely to be associated with pollutant concentration in urban streams.



The difference in the amount of precipitation an area receives is most noticeable during its wet and dry seasons. The seasons provide a macro-level time frame to observe how stormwater runoff in urban areas changes over time. For example, after a long time without receiving rain, heavy metals accumulated on developed land surfaces will experience higher levels of concentration in the storm runoff after the first major rain event due to a flushing effect. This was shown by the study conducted by Ferreira et al. [6], who investigated the patterns of surface water quality patterns in a Portuguese suburban catchment. However, a study by Ortiz-Hernandez et al. [7] observed higher mean values for total suspended solids, lead, and zinc in the dry season than in the wet season across all of their sampling sites at a university in the semi-arid region of Pachuca, Hidalgo, Mexico. Given such contrasting findings in previous studies, this study investigated whether these seasonal behaviors of lead and zinc also occur in a climatically different region and relate to antecedent precipitation amounts and landscape variables. Additionally, the current study examined whether other more naturally occurring pollutants (total suspended solids, nitrate, and orthophosphate) exhibit either flushing (higher concentration) or dilution (lower concentration) effects during the wet season [8].



When there is a major disruption in human activities in urban regions, water quality is likely to exhibit differences between the pre-disruption and post-disruption periods. The COVID-19 pandemic provided us with a unique opportunity to examine a time frame with unprecedented shifts in human/environmental activities. Before the pandemic, the city’s annual average daily traffic for all highways that travel through the city ranged from 15,000 to 75,000+ vehicles [9]. Once the pandemic spread across the country and travel restrictions were implemented, the state of Oregon experienced major changes in vehicle miles traveled, with a 10.77% decrease in 2020 compared to 2019 [10]. After the Oregon Governor’s stay-at-home order was issued on 23 March 2020, the traffic volume substantially declined in late March and early April. While traffic volume gradually bounced back after April 6, traffic volumes in the summer of 2020 were 10–15% lower than those in the summer of 2019 [10].



With the primary source of many heavy metals found in urban storm runoff being car traffic emissions [11,12], this large decrease in driving activity due to the Coronavirus Disease 2019 (COVID-19) lockdown could have lowered the heavy metal concentrations in storm runoff. Deposits of metals such as copper, iron, lead, and zinc come from vehicle undercarriage deterioration and brake system wear [13]. Beasley and Kneale [11] also stated that “heavily trafficked catchments produce more pollutants than lightly trafficked catchments [14,15]”. Analyzing pollutant levels before and after the COVID-19 lockdown can show how the quality of stormwater runoff responds to a large decrease in terrestrial and atmospheric inputs of pollutants on roadways.



These constantly changing driving forces contribute to a pollutant’s concentration in urban stormwater runoff. It is for this reason that many turn to machine learning models to better predict water quality [16,17,18,19]. Machine learning models can account for complex, nonlinear relationships between multiple inputs without having to explicitly define the function a priori [17]. Wang et al. developed a Random Forest to model water quality in a spatially heterogeneous watershed and identified the key driving factors for three water quality indicators [18]. A Random Forest model was used for 13 out of the 15 best-performing models when tasked to model water quality indices between Random Forest and sequential minimal optimization-support vector machine (SMO-SVM) models [19]. The authors compare the Random Forest performance with the ordinary least-squares (OLS) performance to test the effectiveness of using a Random Forest model to predict water quality using both spatial and temporal factors.



The objectives of this study were as follows:




	
To observe whether the study area experiences different levels of pollutants between seasons and COVID-19 lockdown period.



	
To identify the relationship between pollutant concentration and precipitation and landscape variables in the urban environment.



	
To quantify the Random Forest model’s ability to model water quality compared to OLS.









2. Materials and Methods


2.1. Study Area


The study area is the city of Portland, Oregon, located in the Pacific Northwest region of the United States. According to Koppen’s climate classification system, the city is in a dry-summer subtropical (Mediterranean) climate. The city experiences its wet season from October to April and its dry season from May to September, and receives approximately 965 mm of precipitation annually [20]. Portland was selected for this study because the city has precipitation intensity and water quality monitoring stations while representing heterogeneous landscape patterns with different degrees of land development. Hourly rain data were collected from 32 stations that are part of the City of Portland HYDRA network [21]. Water quality data were compiled from 36 eligible stations for seasonal analysis and 21 eligible stations for the COVID-19 period. These stations qualified from the 132 stations that are a part of the Portland Area Watershed Monitoring and Assessment Program (PAWMAP) [22]. These stations were considered eligible because they had at least three samples collected across seasons and COVID-19 lockdown period, which were necessary for the statistical tests. Figure 1 shows the distribution of all the eligible stations and their placement with regards to the city’s borders and waterways. Portland’s widespread rain gauge network and its consistent monitoring of the water quality of storm runoff through PAWMAP stations provided an in-depth record of hourly precipitation going as far back as 1998 and storm runoff water samples beginning in 2015. The city’s climate patterns contribute to the interest of the investigation. Cooley and Chang [23] detected that regional precipitation in the Portland metropolitan area has been experiencing longer dry period durations paired with sporadic and more intense days of rainfall in the wet seasons. They projected this behavior to continue through the 21st century and noted that it is most noticeable at the event or monthly timescales. Access to hourly precipitation from the HYDRA network allows for an analysis of water quality fluctuations at scales as refined as storm events or as broad as the seasonal scale.




2.2. Data Preparation


Our data consisted of samples taken at various PAWMAP stations ranging from 2015 to 2021. A subset of pollutants originating from anthropogenic sources (E. coli, lead, and zinc) and pollutants originating from more natural sources (TSS, nitrate, and orthophosphate) were selected for this investigation based on data availability and their importance to aquatic health. Precipitation data were assigned to samples from all water quality sampling stations depending on their proximity to the nearest rain gauge. While this method of using spatial proximity is reasonable for most stations located in relatively flat areas in the east of the Willamette River, it may either overestimate or underestimate precipitation amounts for some stations on the west side of the city, where Forest Hills could potentially block (rain shadow) or enhance precipitation (orographic). For every water quality sample, the sum of the antecedent precipitation was determined based on 1 day, 3 days, 5 days, 7 days, and 30 days prior to its sampling date using the Python package pandas [24]. These days were chosen to represent various short-term storms with different durations and their memory effects on the soil water content, which contributes to streamflow and pollutant concentrations in the study streams [1]. Compared to the previous study [1], we added 30 days of antecedent precipitation to our analysis since it can take a few weeks for storm events to saturate soils in the wet season. Samples collected during the months from October to April were considered wet season samples, while the rest of the samples (May to September) were assigned to the dry season. For COVID-19 period classification, samples taken from 23 March 2020 through 26 May 2021 were considered to have been collected during the COVID-19 lockdown period. All those collected prior were considered samples from before the COVID-19 lockdown period.



Environmental variables were adapted from Gelsey et al. [25], who examined the spatial variations in wet season pollutant concentrations for 128 stations at two different spatial scales using spatial regression analysis. The variables included percent imperviousness, road length, percent developed, percent forested, pipe length, mean slope, standard deviation of slope, and standard deviation of elevation. The surrounding landscape values were determined considering a 250 m circular buffer around all the sampling stations in the study. As such, these variables take into account the spatially heterogeneous urban landscape. However, they do not consider the landscape conditions of upstream contributing areas of some monitoring stations that are located along the mainstem.




2.3. Methodology


This study aimed to quantify the impacts that different spatial and temporal variables have on pollution concentrations in storm runoff across the seasons as well as with respect to the COVID-19 lockdown. First, the Mann–Whitney U test was used to determine whether each pollutant’s concentrations were statistically different across seasonal and COVID-19 time frames. The Mann–Whitney U test detects statistically significant differences between two sets of data that are not assumed to follow a normal distribution with relatively small sample sizes. Water samples taken at an eligible station meant that the station had at least three samples tested for the same pollutant for all six pollutants in both respective time-frame periods. This left 36 water quality monitoring stations eligible for seasonal comparison, and 21 stations were eligible for the pre-COVID-19 and COVID-19 lockdown period comparison.



Second, Spearman’s rank-order correlation test was used to investigate the relation between pollutant concentrations and different days’ antecedent precipitation amounts and other landscape and infrastructure variables for all stations. Spearman’s correlation was used because water quality data and many explanatory variables are not normally distributed, which violates the assumptions of parametric tests such as Pearson’s correlation analysis.



Finally, ordinary least-squares regression and a Random Forest (RF) model were used to explain the variation in wet season pollutant concentrations using a combination of antecedent precipitation amounts and landscape variables. A Random Forest is a type of machine learning model that can be described as an ensemble model. Capable of both classification and regression tasks, a Random Forest is a collection of simpler models that collectively relate a set of input features to predict a desired output. Random Forest regressors can simultaneously include categorical and continuous values as inputs and effectively prevent overfitting compared to other machine learning models [26]. The Random Forest regressor and data preprocessing were conducted using libraries from scikit-learn [27].



A Random Forest regressor was compiled for each pollutant individually for an easier analysis of feature importance. The input data were always normalized prior to fitting the model. The available data for each pollutant were split into two—80% for training and 20% for testing. In order to identify the best-performing and least complex model, features that had a correlation coefficient with the pollutant measurement that was greater than 0.1 in absolute value were selected as the input features of the Random Forest. The performance of the Random Forest was evaluated using the Root-Mean-Square Error (RSME), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and R2 values. Since the range of the pollutant concentrations varied greatly between pollutants, some performance metrics were more appropriate than others to evaluate the performance of the models for each pollutant. The results were compared to the results of an ordinary least-squares model, which was used as a benchmark for the performance of the Random Forest.





3. Results


3.1. Seasonal Differences in Water Quality


Comparing the median concentration values describes the general pollutant levels in urban storm runoff across seasons. The Mann–Whitney test showed statistically significant differences between the wet and dry seasons at the 1% significance level for E. coli, lead, nitrate, orthophosphate, and zinc. Table 1 summarizes each pollutant’s median concentration levels in the wet season and dry season. E. coli, nitrate, lead, TSS, and zinc had higher median values in the wet season than in the dry season. Orthophosphate was the only pollutant to exhibit higher median values in the dry season than in the wet season.



Figure 2 illustrates the distribution of pollutant concentrations sampled in both seasons. Skewed median values in the interquartile range suggest that seasonal pollutant concentration levels cannot be described by a normal distribution. This demonstrates the complexity of each pollutant’s seasonal behavior. Furthermore, each pollutant’s boxplot has numerous outliers, representing abnormally high levels of the pollutant’s concentration that must be investigated on a case-by-case basis for a better understanding.




3.2. Effects of COVID-19 Lockdown on Water Quality


Similar to the seasonal analysis, the boxplots in Figure 3 demonstrate the distribution of all samples taken during the different periods from eligible stations. The smaller number of samples taken during the pandemic reflects fewer cases of extremely high concentrations as outliers in the boxplots. Table 2 reports the results of the Mann–Whitney test, as well as median pollutant values across COVID-19 periods. The test shows that nitrate is the only pollutant that received a statistically significant difference between the two periods (p < 0.05). The median nitrate concentration before COVID-19 was 1.5 mg/L, and it decreased to 1.04 mg/L in samples collected during the COVID-19 lockdown period.




3.3. Correlation between Water Quality and Explanatory Variables


As shown in Figure 4, in nearly all cases, antecedent precipitation amounts are significantly correlated with all pollutants, although the strength of the relationship varies by pollutant. Nitrate’s correlation coefficients with all antecedent precipitation values are the lowest among all pollutants. Additionally, nitrate was the only pollutant that included the COVID-19 lockdown period as an input feature, reinforcing the findings in Table 2. Orthophosphate was the only pollutant that was negatively associated with the precipitation variables. Road length is positively associated with E. coli and zinc concentrations. Developed land and pipe length are positively related to the E. coli concentration, while forested land and soil C are negatively associated with the E. coli concentration. Topographic variables such as the mean slope, standard deviation of the slope, and standard deviation of elevation are statistically significantly related to the orthophosphate concentration.




3.4. Random Forest Regression Results


With the massive number of combinations that are possible as input features and desired output pairs, the Random Forest performs the best when the number of training data points is largest while the variance of the output is minimal [19]. In the models using correlated features as inputs, lead was the most difficult pollutant to make predictions for. It received an R2 value of 0.04 for the OLS model and an R2 value of 0.08 for the Random Forest, which were the poorest values for both models. The Random Forest achieved its best performance with orthophosphate, producing an RSME = 0.0, MAE = 0.01, MAPE of 25.3, and R2 values of 0.58. With the Random Forest model, TSS and nitrate follow orthophosphate with R2 values of 0.54 and 0.42, respectively.



Comparing the R2 values for E. coli, the OLS model’s R2 value of 0.149 slightly outperformed the Random Forest’s R2 value of 0.13. For every other pollutant’s performance metrics, the Random Forest performed better than OLS, with lower RMSE, MAE, MAPE, values and a higher R2 value (Table 3). As shown in Figure 5 and Figure 6, the predictions made by the Random Forest are more clustered by the line of identity (Y = X). This fit is desired, as all the performance metrics calculate the total error from the predictions and their actual ground-truth values.





4. Discussion


E. coli and orthophosphate were the pollutants that had higher median values in the dry season. For E. coli, this confirms previous investigations of seasonal differences that found higher concentrations of the microorganism in urban watersheds in the summers in the Pacific Northwest [1]. With orthophosphate being negatively correlated with all five precipitation variables, it follows that the higher median value was achieved during the dry season. While the findings agree with a previous study in Johnson Creek in Portland [28], the results contradict other studies in humid temperate climates that reported higher concentrations of orthophosphate in the wet season [29,30]. Given that the main sources of orthophosphate in urban runoff are plant decay and plant fertilizers [7], climate plays a significant role in the orthophosphate concentration. During the wet winter season, fewer plants are decaying, and fertilizer usage diminishes because of the lower demand for lawn fertilizers. Together with fewer sources, more frequent winter precipitation could have resulted in the dilution of orthophosphate found in urban runoff, while groundwater might be a major source of orthophosphate in the dry season [28]. The heavy metals lead and zinc experienced higher median levels in the wet season with statistical significance. A flushing effect may be the cause of the increased heavy metal levels in the wet season in the study region. Similarly, a study in the Greater Vancouver region in Canada shows higher concentrations of lead and zinc in the wet season [31]. These findings are in contrast with the higher readings of both lead and zinc in the dry season in a semi-arid zone [7]. Differences between these investigations are likely to be attributed to differences in climate, the intensity of human activities, and the number of samples utilized for analysis.



The COVID-19 pandemic placed limitations on human activity, yet our analysis did not confirm many statistically significant changes in pollutant levels during the COVID-19 period, similar to the conclusion from a study on US coastal watershed health throughout the COVID-19 lockdown period [32]. Nitrate was the sole pollutant to have a statistically significant decrease in its measured concentration in urban storm runoff during the COVID-19 period. It is likely that the diminished car traffic might have resulted in lower emissions and atmospheric deposition of NOx, as reported in major Chinese cities [33,34]. The smaller number of samples taken during the lockdown period might have limited the detection of how urban streams responded to this sudden shift. Legislative responses and human attitudes toward following travel restrictions fluctuated temporally throughout different stages of the pandemic [35]. Changes in travel activity significantly varied spatially between areas defined as finely as the county level. This nonuniform response to the pandemic may have decreased the possibility for heavily trafficked areas to experience a clear improvement associated with the COVID-19 lockdown. Continually monitoring pollutant levels over a longer period as restrictions are lifted during the response to COVID-19 can provide a better understanding of how changes in human activities impact stormwater-runoff quality.



Spearman’s rank correlation analysis indicated one-day antecedent precipitation as an important explanatory variable for all pollutants, suggesting that the chosen pollutants are sensitive to short rainfall events. Other studies reported similar findings that turbidity and pathogen concentrations are highly correlated with the previous day’s precipitation in Tennessee, USA [36]. The positive correlation between zinc concentration and road length also confirms previous studies indicating that traffic on roads (e.g., car brake and tire wear) is the main source of zinc in urban streams [11,12,13]. The positive correlation between storm-pipe length and E. coli concentration indicates possible sources of human and animal wastes [37].



The Random Forest model outperformed standard OLS in modeling pollutant concentrations using a subset of the initial input features. Being allowed to include categorical data along with continuous precipitation and landscape data allows for a complete understanding of the factors that impact pollutant levels. While the RF model predicted naturally occurring pollutants (orthophosphate, TSS, and nitrate) reasonably well, it did not adequately predict anthropogenically generated pollutants (E. coli, lead, and zinc), suggesting that additional predictors are needed to improve the accuracy of the model. Further model-refining techniques such as boosting or interpreting the feature importance can allow a deeper understanding of how the Random Forest outperformed OLS, since both were trained using the same input features for each pollutant. Connecting a spatial aspect to a temporal analysis can offer a more complete understanding to devise a targeted plan to restore urban runoff and associated water quality to a more natural regime [38,39].



To improve the reliability and efficiency of the model, future research endeavors will consider conducting an uncertainty analysis to identify the best set of input variables and ensemble models [40]. Once continuous hydrometeorological data (e.g., precipitation and flow) are available, different lead times can be considered for inputs to machine learning models. For example, different wavelet-ANN models using the least-squares boosting ensemble and Bates–Granger techniques resulted in the more reliable and accurate forecasting of chlorophyll and salinity in Hilo Bay, Hawaii, USA [40].




5. Conclusions


Using a unique set of spatially intensive monitoring data in urban streams, the study’s main findings are summarized below.



(1) Pollutant concentrations in urban runoff demonstrated pronounced differences across seasons and marginal differences with respect to COVID-19 travel restrictions. E. coli and orthophosphate experienced higher median values in the dry season, with different sources being more common during that period. Nitrate was the only element that showed statistically significantly lower amounts after the introduction of COVID-19 restrictions, most likely resulting from reduced traffic emissions due to lower driving volumes during this period.



(2) Antecedent rainfall variables were correlated with the measurements of all the pollutants and were thus used as inputs to the Random Forest model. The one-day antecedent precipitation amount has the highest correlations with E. coli, lead, zinc, and TSS. Road length is positively associated with E. coli and zinc concentrations, suggesting that roads are the primary sources of these pollutants. The standard deviation of the slope is positively associated with both nitrate and orthophosphate concentrations.



(3) The Random Forest demonstrated a better capability to utilize both temporal (antecedent precipitation) factors and spatial (land cover) variables to predict pollutant concentrations compared to the standard OLS model. The Random Forest achieved lower RMSE, MAE, and MAPE values and higher R2 values for the predictions of every pollutant except E. coli. E. coli was the pollutant with the highest variance during the study periods, contributing to the difficulty of modeling it by both the Random Forest and OLS. Orthophosphate was best estimated with the given inputs.



Future studies can include improvements to the Random Forest model with boosting or cross-validation. Feature importance can be analyzed to correlate input features to learn whether the correlation is an optimal condition for feature selection.



Regardless, the current study demonstrates the utility of using both landscape and weather variables as inputs for the Random Forest model for predicting water quality in urban streams.
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Figure 1. Study area: the city limits and locations of water quality monitoring and weather stations in Portland, OR, USA. 
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Figure 2. Boxplots showing the seasonal distributions of E. Coli, lead, zinc, nitrate, orthophosphate, and TSS concentration from 36 eligible stations. 
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Figure 3. Sample distribution across COVID-19 periods for E. Coli, lead, zinc, nitrate, orthophosphate, and TSS from 21 eligible stations. 
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Figure 4. Spearman’s rank correlation coefficient values among pollutant concentrations and explanatory variables. Statistically significant variables are shown in bold. 






Figure 4. Spearman’s rank correlation coefficient values among pollutant concentrations and explanatory variables. Statistically significant variables are shown in bold.



[image: Hydrology 09 00220 g004]







[image: Hydrology 09 00220 g005 550] 





Figure 5. Comparison between observed and OLS-predicted pollutant concentrations. 






Figure 5. Comparison between observed and OLS-predicted pollutant concentrations.



[image: Hydrology 09 00220 g005]







[image: Hydrology 09 00220 g006 550] 





Figure 6. Comparison between observed and Random-Forest-predicted pollutant concentrations. 
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Table 1. Median seasonal concentrations and Mann–Whitney U test p-values for samples originating from 36 eligible stations. Pollutants from anthropogenic sources are shaded yellow, while pollutants from more natural sources are shaded green. Bolded entries signify statistical significance (p < 0.05).
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	Pollutant (Units)
	Dry Season Samples
	Wet Season Samples
	Dry Season Median Concentration
	Wet Season Median Concentration
	Mann–Whitney

p-Value





	E. coli (MPN/100 mL)
	141
	236
	120
	85.0
	0.0029



	Lead (μg/L)
	141
	236
	0.224
	0.315
	<0.001



	Zinc (μg/L)
	141
	236
	3.78
	5.705
	<0.001



	TSS (mg/L)
	141
	236
	4.0
	4.0
	0.351



	Nitrate (mg/L)
	143
	236
	0.72
	1.5
	<0.001



	Orthophosphate (mg/L)
	142
	236
	0.054
	0.038
	<0.001
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Table 2. Mean concentrations and Mann–Whitney p-values for samples originating from 21 eligible stations during the COVID-19 period. Pollutants from anthropogenic sources are shaded yellow, while pollutants from more natural sources are shaded green. Bolded entries signify statistical significance (p < 0.05).






Table 2. Mean concentrations and Mann–Whitney p-values for samples originating from 21 eligible stations during the COVID-19 period. Pollutants from anthropogenic sources are shaded yellow, while pollutants from more natural sources are shaded green. Bolded entries signify statistical significance (p < 0.05).





	Pollutant (Units)
	Pre-COVID-19 Samples
	COVID-19 Lockdown Samples
	Pre-COVID-19 Median Concentration
	COVID-19 Lockdown Median Concentration
	Mann–Whitney Test p-Value





	E. coli (MPN/100 mL)
	111
	99
	74.0
	110.0
	0.75



	Lead (μg/L)
	111
	99
	0.277
	0.261
	0.61



	Zinc (μg/L)
	111
	99
	4.09
	5.15
	0.32



	TSS (mg/L)
	111
	99
	6.0
	5.0
	0.93



	Nitrate (mg/L)
	111
	99
	1.5
	1.04
	0.02



	Orthophosphate (mg/L)
	111
	99
	0.04
	0.044
	0.71
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Table 3. Comparison of model goodness-of-fit between Random Forest and OLS.
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	OLS
	
	



	Pollutant
	RSME
	MAE
	MAPE
	R2



	E. coli
	321.09
	205.26
	5.20
	0.149



	Lead
	2.11
	0.57
	0.97
	0.042



	Nitrate
	0.95
	0.72
	0.81
	0.105



	Orthophosphate
	0.00
	0.015
	0.39
	0.29



	TSS
	18.21
	10.87
	1.23
	0.499



	Zinc
	12.13
	6.34
	1.20
	0.284



	
	
	Random Forest
	
	



	Pollutant
	RSME
	MAE
	MAPE
	R2



	E. coli
	323.68
	159.15
	2.91
	0.13



	Lead
	2.07
	0.53
	0.77
	0.08



	Nitrate
	0.77
	0.55
	0.62
	0.42



	Orthophosphate
	0.00
	0.01
	0.25
	0.58



	TSS
	17.35
	9.52
	1.16
	0.54



	Zinc
	11.35
	4.97
	0.93
	0.37
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