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Abstract

:

Effective water quality management and reliable environmental modeling depend on the availability, size, and quality of water quality (WQ) data. Observed stream water quality data are usually sparse in both time and space. Reconstruction of water quality time series using surrogate variables such as streamflow have been used to evaluate risk metrics such as reliability, resilience, vulnerability, and watershed health (WH) but only at gauged locations. Estimating these indices for ungauged watersheds has not been attempted because of the high-dimensional nature of the potential predictor space. In this study, machine learning (ML) models, namely random forest regression, AdaBoost, gradient boosting machines, and Bayesian ridge regression (along with an ensemble model), were evaluated to predict watershed health and other risk metrics at ungauged hydrologic unit code 10 (HUC-10) basins using watershed attributes, long-term climate data, soil data, land use and land cover data, fertilizer sales data, and geographic information as predictor variables. These ML models were tested over the Upper Mississippi River Basin, the Ohio River Basin, and the Maumee River Basin for water quality constituents such as suspended sediment concentration, nitrogen, and phosphorus. Random forest, AdaBoost, and gradient boosting regressors typically showed a coefficient of determination    R 2  > 0.8   for suspended sediment concentration and nitrogen during the testing stage, while the ensemble model exhibited    R 2  > 0.95  . Watershed health values with respect to suspended sediments and nitrogen predicted by all ML models including the ensemble model were lower for areas with larger agricultural land use, moderate for areas with predominant urban land use, and higher for forested areas; the trained ML models adequately predicted WH in ungauged basins. However, low WH values (with respect to phosphorus) were predicted at some basins in the Upper Mississippi River Basin that had dominant forest land use. Results suggest that the proposed ML models provide robust estimates at ungauged locations when sufficient training data are available for a WQ constituent. ML models may be used as quick screening tools by decision makers and water quality monitoring agencies for identifying critical source areas or hotspots with respect to different water quality constituents, even for ungauged watersheds.
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1. Introduction


The quality of water resources, be it streams, rivers, lakes, reservoirs, ground water, or oceans, determines the well-being of human populations and other natural or physical systems that rely on it. Extensive changes to land use, e.g., from forest or grass land to agricultural or urban land use, may result in detrimental effects on both the quantity and the quality of water [1]. For example, agriculture activities such as tilling, application of fertilizers and pesticides, and lack of cover during non-growing seasons can all lead to the pollution of local streams and rivers, as well as final receiving waters such as lakes, seas, and oceans [2,3]. Urban activities such as lawn maintenance and landscaping, transportation, construction, and untreated domestic and industrial wastewater also lead to the pollution of water resources [4]. Fecal indicator bacteria such as Escherichia coli can be part of runoff pollution and can contaminate waters in the nearshore and coastal regions [5]. When the levels of nitrate + nitrite are above permissible limits in the streams, they can pose both non-carcinogenic and carcinogenic risks to public health and can affect general ecosystem functioning [6]. When water is polluted, it often results in health issues among human beings, animals, plants, etc., as well as affecting several ecosystem services [7].



As sampling and laboratory analyses can be expensive and time consuming, it is often impossible to get sufficient spatial and temporal coverage of water quality (WQ) samples for assessment. Therefore, water resources professionals have to rely on techniques such as time series reconstruction using statistical [8,9] or physically based models [10,11] to overcome the limitation of sparse water quality data. However, popular distributed water quality models such as HSPF (hydrologic simulation program, Fortran; [11]) and SWAT (soil and water assessment tool; [10]), are often challenged by the lack of sufficient data for calibration, computer effort, and user expertise. These models do not lend themselves for use in ungauged basins. Deploying any of the above models as a quick and simple screening tool to identify potential source areas for contaminants might be overkill.



Several studies have used machine learning (ML) models for identifying water bodies from satellite images [12], water demand forecasting [13], sediment transport modeling [14,15,16], ecological modeling [17,18,19,20,21], estimating design floods [22], flood susceptibility and risk assessment [23,24], flood prediction [25,26], outbreak of harmful algal blooms [27], ML-based satellite image analysis [28,29], as well as water quality assessment [30,31,32,33,34,35,36,37,38,39,40,41,42,43,44].



Risk-based frameworks have been used in several studies to evaluate the health of water resources systems such as reservoirs [45] and watersheds [8,46,47]. More recently, Mallya et al. [48] proposed a new vulnerability risk measure and composite watershed health index that conveniently ranges between zero and one and uses reliability, resilience, and vulnerability (R-R-V) risk metrics in its computation. A value of zero indicates poor watershed health with respect to a chosen water quality parameter, whereas a value of one indicates high watershed health. However, decisions are desired at different scales and for ungauged watersheds. To address this need, the following are the study objectives:




	
To evaluate machine learning (ML) models to predict watershed health at ungauged basins with respect to suspended sediment concentration (SSC) and nutrients (nitrogen and phosphorus). ML models, namely random forest, AdaBoost, gradient boosting regressor, and Bayesian ridge regression, were chosen in this study because these models do not make any assumptions about input data distributions, they work well with high dimensional datasets, and they avoid overfitting by using random combinations of predictor variables to develop uncorrelated set of models.



	
To identify predictors such as watershed attributes (e.g., drainage area, stream order, drainage density, watershed slope, etc.), long-term climate data (monthly, seasonal and annual precipitation, and/or temperature data), soil data, land use/land cover data, and fertilizer sales data to train machine learning models for predicting watershed health over any area of interest within three Midwest river basins.



	
To develop spatial maps of watershed health at HUC-10 resolution to aid decision makers in identifying critical source areas in the Midwest river basins.









2. Study Area and Datasets


The study area (see Figure 1) consists of the Upper Mississippi River Basin (UMRB), the Ohio River Basin (ORB), and the Maumee River Basin (MRB or the Lake Erie watershed, USA side only). These river basins are spread across multiple states located in Midwest and Northeastern United States. The drainage areas for UMRB, ORB, and MRB are 490,000 square kilometers, 490,600 square kilometers, and 56,926 square kilometers, respectively. These river basins have dominant agricultural land use, therefore there is keen interest in studying the quantity and quality of water resources over the region.



The following datasets were used in this study: (i) streamflow from the United States Geological Survey (USGS) daily streamflow dataset and water quality data from the United States Geological Survey-National Water Quality Assessment (USGS-NAWQA) stations, (ii) geographic data such as Hydrologic Unit Code 10 (HUC-10) boundaries and stream network shapefiles from the USGS National Hydrography Dataset (NHD), (iii) land use data from the 2011 National Land Cover Database (NLCD), (iv) soil data such as hydrologic soil group and available water storage (AWS) in the top 25 cm of soil from the Soil Survey Geographic Database (SSURGO), (v) precipitation (PRCP) and minimum and maximum temperature (TMIN and TMAX) data from the Historical Climate Network (HCN) stations, (vi) fertilizer sales data available from the United States Department of Agriculture’s National Agricultural Statistics Service (USDA-NASS), and (vii) drainage areas, slope, stream order, and latitude and longitude information from 30 m resolution digital elevation model data (DEM). Readers are referred to the Supplementary Information for additional details on the datasets used in the study.




3. Methodology


3.1. Risk and Watershed Health Measures


The mathematical formulation of risk and the composite watershed health measures used in this study are described here.



Reliability    ( p )    is defined as the probability of the system to be in a compliant state    ( S )   :


  p = 1 − P  {   X t  ∈ F  }  = 1 −  1 n    ∑   t = 1  n   z t     



(1)




where    X t    is the water quality concentration at time  t ,    z t  = 1   when    X t  ∈ F   and  0  when    X t  ∈ S  , and  n  is the total number of data points. The state is said to be non-compliant    ( F )    when the water quality exceeds the user defined standard concentration    (   X *   )   , i.e.,    X t  >  X *   .



Resilience    ( r )    is defined as the probability of the system to recover from a non-compliant state:


  r = P {  X  t + 1   ∈ S |  X t  ∈ F } =   P  {   X  t + 1   ∈ S  ∩   X t  ∈ F  }    P  {   X t  ∈ F  }    =     ∑   t = 1  n   y t      ∑   t = 1  n   z t    =  l m   



(2)




where    y t  = 1   when    X  t + 1   ∈ S   and    X t  ∈ F   and  0  otherwise,    z t  = 1   when    X t  ∈ F   and  0  when    X t  ∈ S  ,  m  is the number of instances the water quality standard is violated (  m =   ∑   t = 1  n   z t   ), and  l  is the number of transitions from non-compliant to compliant state or   l =   ∑   t = 1  n   y t   .



Vulnerability is the magnitude of damage during a non-compliant event. During risk analysis for a water quality constituent, vulnerability may denote the total magnitude of violations or damage caused in dollar amounts. In order for the vulnerability and thus the watershed health measures to range from 0 to 1 for consistency, Mallya et al. [48] introduced a new measure called opposite of vulnerability:


  v = exp  {  −  1 m    ∑   t = 1  n  log  [     Q t   X t  t    Q t   X *  t    ]  H  [   X t  −  X *   ]   }   



(3)







The Heaviside step function   H  [ . ]    is equal to  1  when    X t  >  X *    and  0  otherwise. The terms    Q t   X t  t   and    Q t   X *  t   represent water quality load and the standard load at time  t , respectively. When the deviations of    X t    from    X *    are large,  v  is closer to zero and, when the deviations are small,  v  is closer to 1. Note that Equation (3) can be written as


  v =   ∏   i = 1  m     (     Q i   X *  Δ t    Q i   X i  Δ t    )     1 m     



(4)




where  i  refers to the ith time instance where    X t  >  X *    and  m  is the number of violation instances. Note that when an upper threshold value is not to be exceeded as the water quality criterion, e.g., for oxygen, Equation (4) becomes v =     ∏   i = 1  m     (     Q i   X i  Δ t    Q i   X *  Δ t    )     1 m     , where  i  refers to the ith time instance where    X t  <  X *   . Equation (4) implies that v is the geometric mean of the severity of the violations.



Vulnerability can be calculated as:


  V u l = 1 − v  



(5)







Using the risk indices described above, Mallya et al. [48] proposed a conservative measure for watershed health:


  h =    (  p × r × v  )     1 3     



(6)







When   p = r = v = 1  ,   h = 1   (i.e., watershed is healthy) and, when one of them is zero,   h = 0   (i.e., watershed is unhealthy).




3.2. Machine Learning Models


In this study, four machine learning models, namely, random forest, AdaBoost, gradient boosting, and Bayesian ridge regression were adopted to predict watershed health indices for sediments and nutrients at ungauged basins. Brief mathematical descriptions of these models are presented below.



3.2.1. Decision Trees


Decision trees [49] are a non-parametric supervised learning technique used for classification and regression problems. Decision trees can handle mixed data types (numerical and categorical) and can model complex functions. The goal is to develop a model that predicts the value of a response variable by learning simple decision rules inferred from the predictor vectors. Given predictor vectors    x j  ∈  R n  , j = 1 , … , p   and response vector   y ∈ R  , a decision tree recursively partitions the space to obtain groupings of samples that meet certain threshold criteria    (   t m   )    at each node of the decision tree.



Let the data at node  m  be represented by  D . Then, at this node for each candidate split   θ =  (  j ,  t m   )    consisting of feature  j  and threshold    t m   , partition the data into    D  l e f t    ( θ )    and    D  r i g h t    ( θ )    such that:


   D  l e f t    ( θ )  =  (  x , y  )  |  x j  ≤  t m   



(7)






   D  r i g h t    ( θ )  = D \  D  l e f t    ( θ )   



(8)







Thus,    D  r i g h t    ( θ )    contains all the elements of the set  D  that are not in    D  l e f t    ( θ )   . The impurity at  m  is computed as:


  G  (  D , θ  )  =    n  l e f t      N m    H  (   D  l e f t    ( θ )   )  +    n  r i g h t      N m    H  (   D  r i g h t    ( θ )   )   



(9)




where    n  l e f t     and    n  r i g h t     denote the number of samples in each partition    [   D  r i g h t    ( θ )     and     D  l e f t    ( θ )   ]   ,    N m    is the number of samples at node  m  and the function   H ( )   is the mean squared error in regression problems, i.e., if


   c m  =  1   N m      ∑   i ∈  N m     y i   



(10)






  H  (   X m   )  =  1   N m      ∑   i ∈  N m      (  y i  −  c m  )  2   



(11)






   θ *  = a r g m i  n θ  G  (  D , θ  )   



(12)







One selects the parameters that minimize the impurity where   a r g m i n   refers to the argument of the minimum, i.e., set of values    θ *    for which the function   G ( )   attains the smallest value. Recursion for subsets    D  l e f t    (   θ *   )    and    D  r i g h t    (   θ *   )    follows until the maximum allowable depth for the tree is reached and    N m  < m i  n  s a m p l e s     or    N m  = 1  .




3.2.2. Random Forest


Random forest (RF; [50]) consists of an ensemble of  B  decision trees    {   T 1   ( X )  , … ,  T B   ( X )   }   , where   X =  {   x 1  , … ,  x p   }    is a  p -dimensional vector of attributes for an annual data point that belongs to a drainage area or a HUC-10 basin. The RF model generates  B  outputs    {    y ^  1  =  T 1   ( X )  , … ,   y ^  B  =  T B   ( X )   }   , where     y ^  b  , b = 1 , … , B  , is the prediction for an annual sample by the    b  t h     tree. The average output of all  B  trees are reported as the final prediction,   y ^  .



Suppose we have a total of  N  annual samples (a collection of annual data from all stations in the study area where the chosen water quality constituent is monitored) in the training set, then we can represent the explanatory variables (   X i  , i = 1 , … , N  ), where    X i  =  (   x  1 i   ,  x  2 i   , … ,  x  p i    )    and target variable (   y i   ) as   D =  {   (   X 1  ,  y 1   )  , … ,  (   X N  ,  y N   )   }   . The random forest model works as follows:




	
First  N  random samples (  X , y  ) are drawn with replacement (also known as bootstrapping or bagging). Here, the assumption is that the  N  samples are independent and identically distributed.



	
Using these  N  samples, we train a decision tree such that, at each node, the best split is decided using a randomly selected subset of    m  t r y     attributes. An unpruned decision tree may be grown such that no further splits are possible at the end nodes. However, in this approach we treated both the depth of the tree and the number of attributes (   m  t r y    ) used at each node as variables.



	
The above two steps are repeated until  B  decision trees are grown.








The RF algorithm is quite robust, even when we have several hundreds, if not thousands, of explanatory variables. As individual trees are grown using a small random subset of attributes (   m  t r y    ), the trees within the forest are not only relatively unique but the time required to train a RF model is also reduced compared with that of a single decision tree (DT). The variable    m  t r y     was treated as a model parameter in this study and an optimum value was found using a 5-fold cross validated grid search. If one chooses to avoid setting this as a model parameter, then the recommended value for    m  t r y     is the square root of the number of attributes (i.e.,    p   ). Typically, the RF model does not have to be pruned, i.e., it can be grown to maximum depth without loss of generalization or overfitting [49] but, to obtain fairly unique trees (that result in a robust RF model), the depth of the tree was also treated as a model parameter and was tuned using the grid search approach.



In this study, for consistency the performances of all machine learning models were evaluated on an independent test data set that was not used during training. However, in many applications (including this study) the data available are limited. To address this limitation, a k-fold cross-validation (CV) approach (where the model is trained on k-1 subsets, tested on the kth subset, and repeated k times or until each subset is used for testing) was used. The RF model internally performs cross-validation during the training phase using out-of-bag (OOB) samples. Specifically, as bootstrapped samples are used for training each decision tree, the unused samples, referred to as OOB samples, are used to evaluate the performance of each tree within the RF model. The mean square error (MSE) (or other similar error metrics) on OOB predictions is calculated for each DT and then the average mean error statistic from the k-fold CV is reported for the model. A trained DT can provide easy-to-comprehend relationships between the attributes and the target and therefore reveals both important attributes and those that have least predictive power. Since a RF model is an ensemble of DTs, it can also reveal the importance of the attributes.




3.2.3. AdaBoost


The boosting algorithm AdaBoost [51] is used to fit a sequence of weak learners, such as small decision trees, on continuously modified versions (by weighting) of the training data. The predictions from each learner are then combined through a weighted summation (or voting in case of classification problems) to produce the final prediction. The data are modified after each boosting process by applying weights    w 1  ,  w 2  , … ,  w N    to each training sample, where N is the total number of samples. During the first iteration, the weights,    w  i … N    , are all set to    1 N   . For each successive iteration, the sample weights are modified [49] and the learning algorithm is reapplied to the re-weighted data. At the end of any boosting step, training examples that were incorrectly predicted by the boosted model will have their weights increased, whereas the weights are decreased for those examples that were predicted correctly. Therefore, for every iteration, the weak learner is forced to concentrate on the examples that were missed previously. For regression problems, a weak regressor such as a decision tree regressor [49] is used to obtain a fit on the dataset. Then, additional copies of the regressor are fit on the same dataset but where the weights of instances are adjusted according to the error of the current prediction. As such, subsequent regressors focus more on difficult cases.




3.2.4. Gradient Boosting


Gradient boosting regression trees [49] use an additive model of the form:


  F  ( X )  =   ∑   m = 1  M   h m   ( X )   



(13)




where    h m   ( X )    are weak learners, such as decision trees,   F  ( X )    is the final model, and  M  is the total number of weak learners. Similar to other boosting algorithms, gradient boosting involves using a forward stage wise additive model:


   F m   ( X )  =  F  m − 1    ( X )  +  h m   ( X )   



(14)







For every iteration, a weak learner (such as the decision tree)    h m   ( X )    is chosen to minimize the loss function    L m    (least squares) given the current model    F  m − 1    .


   h m  = arg   min  h   L m  = arg   min  h    ∑   i = 1  n  l  (   y i  ,  F  m − 1    (   x i   )  +  h m   (   x i   )   )   











Using first-order Taylor approximation


  l  (   y i  ,  F  m − 1    (   x i   )  +  h m   (   x i   )   )  ≈ l  (   y i  ,  F  m − 1    (   x i   )   )  +  h m   (   x i   )     [    ∂ l  (   y i  , F  (   x i   )   )    ∂ F  (   x i   )     ]    F =  F  m − 1      











The term      [    ∂ l  (   y i  , F  (   x i   )   )    ∂ F  (   x i   )     ]    F =  F  m − 1       may be denoted as    g i   , which is the derivative of the loss with respect to the second parameter evaluated at    F  m − 1    ( x )   . Removing the constant terms results in:


   h m  ≈ arg   min  h    ∑   i = 1  n  h  (   x i   )   g i   











This minimization problem is solved numerically using steepest gradient descent [52].




3.2.5. Bayesian Ridge Regression


A Bayesian ridge regression is a probabilistic model of the regression problem of the form [53]:


  p ( y | X , w , α ) = N ( y | X w , α )  



(15)







The prior for the parameter  w  may be chosen as a spherical Gaussian with precision    λ  − 1    .


  p  (  w | λ  )  = N  (  w | 0 ,  λ  − 1    I p   )   











By choosing this prior, the Bayesian ridge regression uses regularization with L2-norm, which means that the outliers are assigned more weights. Alpha    ( α )    is a regularization parameter that controls the amount of shrinkage. It is treated as a random variable and is estimated from the data. Large values of alpha result in greater shrinkage, thus making the coefficients ( w ) sparser and more robust to collinearity. The priors over  α  and  λ  are chosen to be gamma distributions. The parameters of the model are estimated by maximizing the marginal log likelihood [54].



The machine learning models described in this section are available in the Scikit-learn machine learning toolbox for Python [55]. For models that use decision trees as weak learners, i.e., random forests, AdaBoost, and gradient boosting regressor, the value of the max_features parameter (where max_features are the number of predictor variables to consider when looking for the best split of each decision tree) was found to be optimum at   p / 3  , using the grid search approach [56]. Here,  p  refers to the total number of attributes or explanatory variables in the input dataset.






4. Results and Discussion


4.1. Prediction of Watershed Health


Following Hoque et al. [8], continuous daily time series of streamflow data and sparse observations of water quality data recorded at USGS-NAWQA stations were used to obtain a reconstructed continuous time series of daily water quality load using relevance vector machines. Then, using user-defined standards for each water quality parameter, the above-described risk and watershed health measures were computed for each year during the study period (1966–2014). The computed watershed health index (WH) for each water quality parameter formed the target vector  y  during the training phase of the machine learning models. Watershed attributes, long-term climate data, and soil and land-use data compiled over each area draining to USGS-NAWQA stations formed the predictor series  X . During the training phase, data ( X  and  y ) from 80% of the stations were used. Each model performance was validated using data from the remaining 20% of the stations to obtain the annual time series of the watershed health predictions    (   y  p r e d    )   . During the training phase (i.e., using data from 80% of the stations), the robustness of the trained machine learning models was validated using five-fold cross validation (CV), see Table 1. Using the ensemble model, the WH index with respect to each constituent (sediment and nutrients) was predicted for ungauged HUC-10 basins using predictor variables    ( X )    compiled over these ungauged basins.



4.1.1. Watershed Health for Suspended Sediment Concentration


SSC load was first reconstructed following Hoque et al. [8] to obtain daily continuous time series of SSC loads at each of the 151 USGS-NAWQA stations in the study area where sparse SSC observations were available. Then, by setting the WQ standard to 30 mg/L [57], risk measures such as R-R-V and WH measures were computed for each year during the study period. This annual series of watershed health (WH) index (with respect to SSC) at each USGS-NAWQA station forms the target series    ( y )    for training machine learning models. The data for predictor variables    ( X )    (except fertilizer sales, as SSC is not directly influenced by fertilizer application) that were compiled for each drainage area of USGS-NAWQA station were used during the training and testing phase; those that were compiled for ungauged HUC-10 basins were used during the prediction phase.



Random Forest Regression Model


A random forest regression model with 500 decision trees was used for predicting watershed health at ungauged HUC-10 basins. The model was first trained using data available at USGS-NAWQA stations. As described above, the annual series of WH measure (  y =  (   y 1  , … ,  y N   )   ) and 81 explanatory variables ( X , including watershed attributes, climate, soil, and land-use data) at about 80% of the USGS-NAWQA stations (out of total 151 stations) were used for training. A five-fold CV was performed to check the robustness of the trained model. The model performance was evaluated using the coefficient of determination,    R 2   , which was found to have an average value of 0.98 from the five-fold CV (Table 1).



The trained model was then confirmed using the test dataset. An R2 for the test set is shown between parentheses in Table 1. Watershed attributes ( X ) at the remaining 20% of the stations were used as inputs to the trained model and the predicted WH values were compared with those values computed from observed WQ data obtained from gauging/sampling stations following Mallya et al. [48]. Henceforth, we refer to WH values computed from observed WQ data as reference WH values. An    R 2    value of 0.95 was obtained on the test set. Though the    R 2    statistic is high, there was significant scatter about the best-fit (1:1) line indicating under- or overprediction for some cases. Similar RF model test performance for risk measures reliability, resilience, and vulnerability of SSC was obtained.



As an example, over three USGS-NAWQA stations (each belonging to one of the three river basins UMRB, ORB, and MRB), the time series comparison of reference WH versus predicted watershed health measures (with respect to standard chosen for SSC, i.e., 30 mg/L) is presented in Figure 2a–c. The reference WH values are denoted using a line plot with red markers, and the predictions from the random forest model are shown using a line plot with blue circular markers. While some predictions are close to the reference values (notice that the y-axis is zoomed in to highlight the differences; if the y-axis is scaled between zero and one then these differences do not get highlighted), they are either overpredicted in some instances (Figure 2a) or underpredicted (Figure 2b) during other instances. In addition, the annual pattern (rise and fall) of watershed health variation during the study period may not necessarily be captured (for example, see Figure 2a,b vs. Figure 2c).



The random forest regression model also computes the impurity or error (e.g., root mean squared error) at different nodes of all decision trees in the model during the training phase (five-fold CV) by removing one explanatory variable at a time. The overall errors are compiled for each variable and then sorted and scaled between 0 and 100%. The variable that results in the highest model error is the most important and vice-versa. Figure 3 shows the top 15 (out of 81) variables that were important in explaining watershed health (with respect to SSC) according to the random forest model. The percentage areas under forest, water, and agricultural land use were among the top five variables, along with drainage area and geographic location. Among the climate variables, annual precipitation and annual average values of maximum and minimum temperature were most influential. Percentages of forest land use (less susceptible to soil erosion), agricultural land use (source of sediments, although depending on soil conservation practices), and longitude were identified as important predictors for watershed health (with respect to SSC) over the three river basins (Table 1).



After the training and testing phases, the random forest model was used to obtain predictions of risk measures (annual series) at HUC-10 basins using attributes ( X ) collected over these ungauged basins as an input to the model. Figure 4 shows a map of the study region, where each HUC-10 basin is color-coded using predictions of watershed health (with respect to SSC) for the year 2014. The circular markers denote the location of stations where SSC observations were available. The circular makers are also color-coded with watershed health values for 2014 computed using daily reconstructed SSC series for that year. Five different colors for watershed health increments of 0.2 were used in Figure 4. The lightest shade represents high watershed health and the darkest shade represents low watershed health. The HUC-10 basins located in the uppermost reaches of the river basins have high watershed health that deteriorates for downstream watersheds. In addition, the HUC-10 basins with high watershed health coincide with areas dominated by forest land use, e.g., north of UMRB, east of MRB, and east and southeast of ORB. Likewise, those with low watershed health belonged to regions with dominant agricultural land use.




Other Regression Models


The performance of gradient boosting, adaptive boosting (AdaBoost), and Bayesian ridge regression models for predicting risk measures at ungauged HUC-10 basins is shown in Table 1 and is also discussed in the Supplementary Information. During the testing phase, the gradient boosting regression model yields a    R 2    value of 0.94, which is comparable to that obtained from the random forest model. While most points lie along the best fit line, there is considerable scatter, indicating a lack of strong prediction power. Similarly, the AdaBoost regression model for WH (with respect to SSC) provided a relatively weaker fit with an    R 2    value of 0.84. The Bayesian ridge regression had the worst performance among the four models used in the study, with an    R 2    value of 0.68.




Ensemble of Model Outputs


The WH outputs (from the training phase, i.e., 80% of USGS-NAWQA stations) from the four ML models were used as explanatory variables ( X ) in a separate random forest model with 50 decision trees. The target variable ( y ) for this model was the annual series of computed WH index, as before. The training and testing were performed in a similar manner using 80–20% split of stations. A five-fold CV was performed during the training phase to evaluate the robustness of the model and an average    R 2    value of 0.98 was achieved. The trained ensemble (random forest) model was then evaluated on the test set. The    R 2    value was 0.98 on the test dataset.



The performance of the ensemble model was compared at each station. As an example, Figure 5 shows a comparison of time series plots of reference WH (with respect to SSC) (i.e., computed according to Mallya et al. [48]) and ML model predictions at USGS-NAWQA station 04193500 Maumee River at Waterville, OH, which was part of the test set. The method of Mallya et al. [48] utilizes relevance vector machine to reconstruct SSC (or any WQ constituent of interest) from sparse observations and provides corresponding predictive uncertainty. A Monte Carlo approach provides estimates of WH, which are thus are based on actual observations. The WH series obtained by Mallya et al. [48] serves as a reference for evaluating ML models in this study. Only results for the period 1986–2014 are shown for brevity. In addition, a 90 percent prediction interval for each ML model is shown as the grey-shaded region in the plot. Figure 5a,b indicate that random forest regression and gradient boost regression models predict annual WH values close to the reference WH values derived from observations, as in Mallya et al. [48]. The majority of the reference WH values, shown as red-hollow circular markers, lie within the 90 percent prediction interval bands of these two ML models. Figure 5c shows that the AdaBoost regressor overpredicts WH values (shown as solid-blue circular markers) for most of the years. Figure 5d shows that Bayesian ridge regression performs relatively poorly in predicting annual WH values at this station. The majority of the WH values are underpredicted and some reference points lie outside the 90 percent prediction interval. The ensemble model predictions (Figure 5e) better match the reference WH values compared with individual model predictions (Figure 5a–d). Similar results were observed at other testing stations but have not been included here for brevity.



The trained ensemble model is used for estimating the WH index over ungauged HUC-10 basins using predictions from individual ML models as inputs. The spatial map of ensemble-predicted watershed health is obtained for different years of the study period (1966–2014). In general, the predictions from the ensemble model are similar to those predicted using the random forest model (Figure 4); the HUC-10 basins with high watershed health belong mostly to the regions with dominant forest land use and those with low watershed health are in regions with dominant agricultural land use.



The variation of spatial extent of various watershed health categories with time was also examined. First, the WH index was discretized into five groups in increments of 0.2. Then, the percentages of total area in each of these five discrete groups were calculated for each year. Figure 6 shows the percentage variation of each group over the entire study period. About 15% of the study area had poor watershed health (0.0–0.2), about 40% had watershed health in the range of 0.2 to 0.4, 20% of the area had watershed health between 0.4 to 0.6, 10% of the area under 0.6 to 0.8, and 15% in the range 0.8 to 1.0. The percentage area in the last three groups of relatively medium to good watershed health (0.4–0.6, 0.6–0.8, and 0.8 to 1.0) remained relatively unchanged over the study period. There were small variations for the remaining two, relatively poor watershed health categories (0–0.2, 0.2–0.4), but did not show any long-term trend. The results in Figure 6 correspond to the chosen standard of 30 mg/L for SSC. Mallya et al. [48] note that the percentage areas in each of the five discrete groups is sensitive to the choice of this numerical standard.





4.1.2. Watershed Health for Nutrients


As the study region has dominant agricultural land use, the performances of machine learning models to predict the WH index at ungauged HUC-10 basins with respect to nutrients, namely nitrogen and phosphorus, were also evaluated.



Watershed Health for Nitrite + Nitrate


Nitrite + nitrate observations (parameter code: 00631) available at 70 USGS-NAWQA stations were used to evaluate the performance of ML models with respect to nitrogen. As with other water quality constituents, only sporadic data samples were available at these stations. Therefore, daily reconstructed load series of nitrite + nitrate were first obtained following Hoque et al. [8]. Then, using a standard of 10 mg/L [57], the annual series of risk measures reliability, resilience, and vulnerability were calculated and the annual series of WH index was obtained using Equation (6). Similar to SSC, the four machine learning models for WH index were trained and tested (using 80–20% split) using attributes ( X ) collected for USGS-NAWQA drainage areas and predictions were obtained for ungauged HUC-10 basins (Table 1). For nitrogen and phosphorus analysis, we also included average and total fertilizer sales data as inputs. Therefore, we had a total of 83 explanatory variables in the analysis. The    R 2    values of ML models for WH index (with respect to nitrogen) during training and testing phases, along with the top five explanatory variables according to the RF model are presented in Table 1.



Figure 7 shows a comparison of time series plots of reference WH (with respect to nitrogen) estimates based on observations and ML and Bayesian ridge regression models’ predictions of WH (with respect to nitrogen) at USGS-NAWQA station 04193500 Maumee River at Waterville, OH, which was part of the test set. A ninety percent prediction interval for each ML model is shown as a grey-shaded region in the plot. WH values predicted by ML models are shown as solid-blue circular markers, whereas reference WH values are shown as red-hollow circular markers. Figure 7a–c indicates that random forest regression, gradient boost regression, and AdaBoost regression models predict annual WH values close to the reference WH values. All reference WH values lie within the 90 percent prediction interval bands of these three ML models. Figure 7d shows that Bayesian ridge regression underpredicts annual WH values and several reference points lie outside the 90 percent prediction interval. The performance of the Bayesian regression model was similar across several stations for nitrogen, therefore this model was excluded from the ensemble. The ensemble model predictions (Figure 7e) were found to better match the reference WH values based on observations compared with individual model predictions (Figure 7a–c).



Since the Bayesian ridge regression model performed poorly in the case of nitrogen (Figure 7d and Table 1) it was not included in the ensemble. The prediction accuracy of an ensemble model is dependent on how well each individual model included in the ensemble performs. Individual model performance statistics such as    R 2    or tests such as the Friedman test and the Nemenyi post hoc test [58] may be used to select models that can be included in the ensemble. Figure 8 shows the watershed health predictions (for nitrite + nitrate) at HUC-10 basins over the study region for the year 2014 using an ensemble model. The circular makers represent USGS-NAWQA stations and they are color-coded to represent reference watershed health values for the year 2014. The regions with poor watershed health (darker color shades) were found to be those with dominant agricultural land use. HUC-10 basins with predominantly forested areas had relatively high watershed health with respect to nitrogen. Similar to the case for SSC, percentages of forest and agricultural land use and longitude were important predictors of watershed health (for nitrite + nitrate) predicted by the RF model (Table 1). Worth noting is the available water storage in the top 25 cm of soil as the second most important predictor. This may underscore the role of plant growth and the uptake of nitrate and subsurface water in nitrogen cycling (nitrification of ammonium nitrogen as a source for nitrite + nitrate and denitrification of nitrate as a sink). As in the case for SSC, the drainage area was identified as an important predictor of WH index, which is not unintuitive since the greater the percentage of the drainage area used for agricultural, the greater the potential for sediment and nutrient supplies.



The variation of spatial extent with time of WH for nitrite + nitrate was also investigated. About 65% of the study area had high watershed health (0.8–1.0), about 20% had watershed health in the range of 0.8 to 0.6, and the remaining portion was in the range 0.4 to 0.6. The percentage areas in each group remained relatively unchanged over the study period. Readers are referred to the Supplementary Information for a detailed discussion of the results for nitrogen.




Watershed Health for Orthophosphate


Orthophosphate (parameter code: 00671) values were available at a total of 49 stations over the study region. Following Hoque et al. [8], observed samples were used to reconstruct a continuous daily time series of orthophosphate loads. Using a standard of 0.1 mg/L [57] the annual series of risk measures and WH index were obtained at each station. Table 1 provides a summary of    R 2    values of ML models and the top five explanatory variables of the WH index with respect to orthophosphate.



Figure 9 shows a comparison of time series plots of reference WH (with respect to orthophosphate) estimates based on observations and ML and Bayesian ridge regression models’ predictions of WH at USGS-NAWQA station 04193500, Maumee River at Waterville, OH, which was part of the test set. The grey-shaded regions in the plots denote the ninety percent prediction interval for each ML model. WH values predicted by ML models are shown as solid-blue circular markers, while reference WH values are shown as red-hollow circular markers. Figure 9a,b indicate that random forest regression and gradient boost regression models predict annual WH values close to the reference WH values, whereas the AdaBoost regression model sightly overpredicts WH values (Figure 9c). All reference WH values lie within the 90 percent prediction interval bands of these three ML models. Figure 9d shows that Bayesian ridge regression underpredicts annual WH values at this station and the predicted value is outside the range 0–1. Many reference WH values based on observations lie outside the 90 percent prediction interval (Figure 9d). The performance of the Bayesian regression model was similar across other stations for orthophosphate, therefore this model was excluded when calculating ensemble model predictions. Predictions of WH using the ensemble ML model were found to be close to reference WH values, indicating its robustness (Figure 9e). It was also observed that the width of the 90% prediction intervals were wider in the case of ML models for nutrients compared with SSC, mostly due to a smaller number of training samples in the case of nutrients.



Figure 10 shows the predictions of watershed health over the entire study region for the year 2014. The actual observations (computed values) at individual stations are shown using color-coded circular markers. HUC-10 basins associated with lower stream orders have higher watershed health (with respect to orthophosphate). The regions of highest watershed health in the Ohio River Basin have dominant forest land use. However, the same is not true for the Upper Mississippi River Basin (UMRB); some basins within UMRB that are in the densely forested region have low watershed health. Agriculturally dominant regions were found to have moderate watershed health. The ambiguity in the results may be due to fewer spatially representative sampling stations for orthophosphate, but further investigation is needed to verify this hypothesis given that forest stewardship programs are in place in UMRB.



As for SSC and nitrite + nitrate, forest land-use percentage and longitude were also identified as important predictors of watershed health for orthophosphate for the RF model (Table 1). Average fertilizer sales percentage and areas with hydrologic soil group B were equally important predictors. The former is an indication of the amount of orthophosphate that farmers may have applied over agricultural fields. The moderately well-drained hydrologic soil group B may reflect the importance of shallow subsurface water in regulating and transporting dissolved mineral phosphorous. Worth noting is that tile drains are extensively used in agricultural areas in the upper Midwest. Tile drains may act as bypass pathways, transporting dissolved and colloidal orthophosphate from moderately and well-drained agricultural fields to nearby streams.



Finally, we investigated the variation of spatial extent with time of WH for orthophosphate. Areas with moderate watershed health (0.4–0.6) were dominant with about 60% coverage. About 3% of the total study area had watershed health in the range of 0.2 to 0.4, 60% of the area was in the range of 0.4 to 0.6, 29% of the area was in the range 0.6 to 0.8, and 8% in the range 0.8 to 1.0. The percentage area in the above three groups (0.2–0.4, 0.6–0.8, and 0.8 to 1.0) remained relatively unchanged over the study period. No portion of the study area had poor watershed health (0.0–0.2). There were small variations for the area under moderate watershed health (0.4–0.6), but there was no long-term trend. Readers are referred to the Supplementary Information for a detailed discussion of the results for orthophosphate.



The results indicate that the overall watershed health with respect to orthophosphate is poorer compared to that with nitrogen. This may be because orthophosphate mirrors the sedimentary cycle [59]; this study found that most HUC-10 basins in the study area experience poor to moderate watershed health with respect to SSC (see Figure 6).







5. Summary and Conclusions


An ensemble model obtained from four machine learning (ML) models, namely random forest, gradient boosting, AdaBoost, and Bayesian ridge regression, was used in this study to predict recently proposed composite watershed health metric values [48] at ungauged basins with respect to sediments and nutrients. The ML models and their ensemble model were tested in three major river basins, namely the Upper Mississippi River Basin, the Ohio River Basin, and the Maumee River Basin. The ML models require data for watershed attributes, long-term climate, soil properties, land use and land cover, and fertilizer sales to estimate the watershed health index at the ungauged HUC-10 basins. During the training phase, the ML models were trained using data from 80% of the stations in the study region, with a five-fold cross-validation approach. The performance of all ML models was evaluated on an independent test data set that was not used during training (i.e., the remaining 20% of the stations). An ensemble model was then used to combine the results obtained from the individual ML models. To the best of the authors’ knowledge, this is the first such study where machine learning models are used to estimate watershed health using WH metrics [48]. Spatial maps of the watershed health metric values at the HUC-10 basin scale were developed to aid decision makers in identifying critical source areas or hotspots with respect to different water quality constituents. Major conclusions were:




	
For suspended sediment concentration and nitrogen, high watershed health values were often associated with lower order streams and regions with dominant forest land use. Regions with dominant agricultural land use had poor watershed health. Among the predictor variables, land use, geographic position, drainage area, available water storage in soil, hydrologic soil group, fertilizer sales (for nitrogen and orthophosphate), and annual precipitation were found to be significant for the three WQ constituents considered in this study.



	
As a smaller number of stations with phosphorus data were available over the region, the resulting ML models were not robust compared with models developed for SSC and nitrogen. Counter to expectation, even forested watersheds in the UMRB indicated poor WH values with this constituent. More orthophosphate data would be needed at multiple watersheds to not only obtain robust results but to also address the question of attribution to poor (or good) watershed health.



	
Sparse water quality data can be used to predict watershed health and identify impairment source areas in ungauged watersheds.








Individual ML models perform well when there were enough data during the training phase (e.g., SSC). However, when data were limited (e.g., nitrogen and orthophosphate), individual model performance dropped and the development of an ensemble model helped to boost the performance. In this study, the uncertainty in the results of the ML models is presented in the form of prediction intervals. When analysing the 90% prediction intervals at test stations, except for the Bayesian ridge regressor the remaining four ML models performed well. The 90% prediction intervals were found to be wider in the case of ML models for nutrients, which could be attributed to the smaller number of training samples.



The WH metric predictions obtained from the ML models are dependent on the quality of input data. However, in this study we did not analyze the sensitivity of the results to variations in input data values or in the event of missing data. Additionally, if the input data to the ML models are outside the training data range, the output from the ML model would exhibit wider uncertainty.



In this study, the ensemble model performed better than the individual models. As observed in this study, if we have different models designed to predict WH values over an ungauged basin, then each model may produce different values for WH. Further, each individual model will exhibit different performance depending on the type of dataset (SSC, nitrogen, etc.) and the number of training samples available. While one option is to recommend the use of the best performing model [58], the preferred approach in the machine learning community is to use an ensemble approach [60,61]. Generally, to achieve a good ensemble model, each individual model should be as accurate as possible and models should be diverse in their modeling approaches. While there are many strategies to create an ensemble model [62], in this study we have used the outputs from each individual model (random forest, gradient boosting regressor, AdaBoost, etc.) as explanatory variables in a separate random forest (ensemble) model to generate the final WH outputs. However, because the Bayesian ridge regression model performed poorly for nitrogen and orthophosphate (based on R2 values shown in Table 1), it was not used in the ensemble model. Only the outputs from three ML models (i.e., random forest, AdaBoost, and gradient boost) were used as input to the ensemble model for nitrogen and orthophosphate.



The risk-based methodology, machine learning modeling framework, and insights learned from the application to three major Midwest river basins can be applied to different water quality parameters (e.g., pesticides, pathogens, etc.) and are transferable to similar watersheds in the US and other parts of the world. Such a screening-level data-driven approach can inform resource managers and environmental decision makers where to focus their resources for targeted distributed watershed modeling and localized evaluation of best management practices.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/w15030586/s1, Figure S1: NLCD 2011 land use map over the study area. The original land use classes have been reclassified into four broad classes – agriculture, forest, urban, and water. See Figure S2 for percentage distribution of these broad classes in each river basin.





Author Contributions


Conceptualization, G.M., M.M.H. and R.S.G.; methodology, G.M., M.M.H. and R.S.G.; software, G.M.; validation, G.M., M.M.H. and R.S.G.; formal analysis, G.M., M.M.H. and R.S.G.; investigation, G.M., M.M.H. and R.S.G.; resources, M.M.H. and R.S.G.; data curation, G.M.; writing—original draft preparation, G.M., M.M.H. and R.S.G.; writing—review and editing, G.M., M.M.H. and R.S.G.; visualization, G.M., M.M.H. and R.S.G.; supervision, M.M.H. and R.S.G.; project administration, M.M.H. and R.S.G.; funding acquisition, M.M.H. and R.S.G. All authors have read and agreed to the published version of the manuscript.




Funding


The U.S. Environmental Protection Agency through its Office of Research and Development funded and managed the research described here under EPA Contract #EP-C-15-010.




Data Availability Statement


Refer to Supplementary Information for detailed information on datasets used in this study.




Acknowledgments


We thank the Ohio Department of Natural Resources (ODNR) Office of Coastal Management for providing us with the watershed boundary for MRB. The U.S. Environmental Protection Agency through its Office of Research and Development funded and managed the research described here under EPA Contract #EP-C-15-010. This document has been reviewed in accordance with U.S. Environmental Protection Agency policy and approved for publication. The views expressed in this article are those of the author(s) and do not necessarily represent the views or policies of the U.S. Environmental Protection Agency.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Wang, R.; Kalin, L.; Kuang, W.; Tian, H. Individual and combined effects of land use/cover and climate change on Wolf Bay watershed streamflow in southern Alabama. Hydrol. Process. 2014, 28, 5530–5546. [Google Scholar] [CrossRef]

	



Anderson, D.M.; Glibert, P.M.; Burkholder, J.M. Harmful Algal Blooms and Eutrophication: Nutrient Sources, Composition, and Consequences. Estuaries 2002, 25, 704–726. [Google Scholar] [CrossRef]

	



Michalak, A.M.; Anderson, E.J.; Beletsky, D.; Boland, S.; Bosch, N.S.; Bridgeman, T.B.; Chaffin, J.D.; Cho, K.; Confesor, R.; Daloğlu, I.; et al. Record-setting algal bloom in Lake Erie caused by agricultural and meteorological trends consistent with expected future conditions. Proc. Natl. Acad. Sci. USA 2013, 110, 6448–6452. [Google Scholar] [CrossRef] [PubMed]

	



Taebi, A.; Droste, R.L. Pollution loads in urban runoff and sanitary wastewater. Sci. Total Environ. 2004, 327, 175–184. [Google Scholar] [CrossRef]

	



Abolfathi, S.; Pearson, J.M. Solute dispersion in the nearshore due to oblique waves. In Proceedings of the 14th International Conference on Coastal Engineering, Seoul, Republic of Korea, 15–20 June 2014; pp. 1028–2156. [Google Scholar]

	



Noori, R.; Farahani, F.; Jun, C.; Aradpour, S.; Bateni, S.M.; Ghazban, F.; Hosseinzadeh, M.; Maghrebi, M.; Naseh, M.R.V.; Abolfathi, S. A non-threshold model to estimate carcinogenic risk of nitrate-nitrite in drinking water. J. Clean. Prod. 2022, 363, 132432. [Google Scholar] [CrossRef]

	



Worm, B.; Barbier, E.B.; Beaumont, N.; Duffy, J.E.; Folke, C.; Halpern, B.S.; Jackson, J.B.C.; Lotze, H.K.; Micheli, F.; Palumbi, S.R.; et al. Impacts of Biodiversity Loss on Ocean Ecosystem Services. Science 2006, 314, 787–790. [Google Scholar] [CrossRef]

	



Hoque, Y.M.; Tripathi, S.; Hantush, M.M.; Govindaraju, R.S. Watershed reliability, resilience and vulnerability analysis under uncertainty using water quality data. J. Environ. Manag. 2012, 109, 101–112. [Google Scholar] [CrossRef]

	



Runkel, R.L.; Crawford, C.G.; Cohn, T.A. Load Estimator (LOADEST): A FORTRAN Program for Estimating Constituent Loads in Streams and Rivers; US Department of the Interior, US Geological Survey: Washington, DC, USA, 2004. [Google Scholar]

	



Arnold, J.; Williams, J.; Srinivasan, R.; King, K.; Griggs, R. SWAT: Soil and Water Assessment Tool; US Department of Agriculture, Agricultural Research Service, Grassland, Soil and Water Research Laboratory: Temple, TX, USA, 1994; p. 494. [Google Scholar]

	



Bicknell, B.R.; Imhoff, J.C.; Kittle, J.L., Jr.; Jobes, T.H.; Donigian, A.S., Jr.; Johanson, R. Hydrological Simulation Program-Fortran: HSPF Version 12 User’s Manual; AQUA TERRA Consultants: Mountain View, CA, USA, 2001. [Google Scholar]

	



Ko, B.C.; Kim, H.H.; Nam, J.Y. Classification of potential water bodies using Landsat 8 OLI and a combination of two boosted random forest classifiers. Sensors 2015, 15, 13763–13777. [Google Scholar] [CrossRef]

	



Herrera, M.; Torgo, L.; Izquierdo, J.; Pérez-García, R. Predictive models for forecasting hourly urban water demand. J. Hydrol. 2010, 387, 141–150. [Google Scholar] [CrossRef]

	



Bhattacharya, B.; Price, R.K.; Solomatine, D.P. Machine Learning Approach to Modeling Sediment Transport. J. Hydraul. Eng. 2007, 133, 440–450. [Google Scholar] [CrossRef]

	



Noori, R.; Ghiasi, B.; Salehi, S.; Esmaeili Bidhendi, M.; Raeisi, A.; Partani, S.; Meysami, R.; Mahdian, M.; Hosseinzadeh, M.; Abolfathi, S. An Efficient Data Driven-Based Model for Prediction of the Total Sediment Load in Rivers. Hydrology 2022, 9, 36. [Google Scholar] [CrossRef]

	



Sharafati, A.; Haji Seyed Asadollah, S.B.; Motta, D.; Yaseen, Z.M. Application of newly developed ensemble machine learning models for daily suspended sediment load prediction and related uncertainty analysis. Hydrol. Sci. J. 2020, 65, 2022–2042. [Google Scholar] [CrossRef]

	



Cutler, D.R.; Edwards, T.C.; Beard, K.H.; Cutler, A.; Hess, K.T.; Gibson, J.; Lawler, J.J. Random Forests for Classification in Ecology. Ecology 2007, 88, 2783–2792. [Google Scholar] [CrossRef]

	



Džeroski, S. Applications of symbolic machine learning to ecological modelling. Ecol. Model. 2001, 146, 263–273. [Google Scholar] [CrossRef]

	



Malekmohammadi, B.; Uvo, C.B.; Moghadam, N.T.; Noori, R.; Abolfathi, S. Environmental Risk Assessment of Wetland Ecosystems Using Bayesian Belief Networks. Hydrology 2023, 10, 16. [Google Scholar] [CrossRef]

	



Tuia, D.; Kellenberger, B.; Beery, S.; Costelloe, B.R.; Zuffi, S.; Risse, B.; Mathis, A.; Mathis, M.W.; van Langevelde, F.; Burghardt, T.; et al. Perspectives in machine learning for wildlife conservation. Nat. Commun. 2022, 13, 792. [Google Scholar] [CrossRef] [PubMed]

	



Vincenzi, S.; Zucchetta, M.; Franzoi, P.; Pellizzato, M.; Pranovi, F.; De Leo, G.A.; Torricelli, P. Application of a Random Forest algorithm to predict spatial distribution of the potential yield of Ruditapes philippinarum in the Venice lagoon, Italy. Ecol. Model. 2011, 222, 1471–1478. [Google Scholar] [CrossRef]

	



Lee, J.Y.; Choi, C.; Kang, D.; Kim, B.S.; Kim, T.W. Estimating design floods at ungauged watersheds in South Korea using machine learning models. Water 2020, 12, 3022. [Google Scholar] [CrossRef]

	



Choubin, B.; Moradi, E.; Golshan, M.; Adamowski, J.; Sajedi-Hosseini, F.; Mosavi, A. An ensemble prediction of flood susceptibility using multivariate discriminant analysis, classification and regression trees, and support vector machines. Sci. Total Environ. 2019, 651, 2087–2096. [Google Scholar] [CrossRef]

	



Li, X.; Yan, D.; Wang, K.; Weng, B.; Qin, T.; Liu, S. Flood risk assessment of global watersheds based on multiple machine learning models. Water 2019, 11, 1654. [Google Scholar] [CrossRef]

	



Donnelly, J.; Abolfathi, S.; Pearson, J.; Chatrabgoun, O.; Daneshkhah, A. Gaussian process emulation of spatio-temporal outputs of a 2D inland flood model. Water Res. 2022, 225, 119100. [Google Scholar] [CrossRef] [PubMed]

	



Mosavi, A.; Ozturk, P.; Chau, K.W. Flood prediction using machine learning models: Literature review. Water 2018, 10, 1536. [Google Scholar] [CrossRef]

	



Deng, T.; Chau, K.W.; Duan, H.F. Machine learning based marine water quality prediction for coastal hydro-environment management. J. Environ. Manag. 2021, 284, 112051. [Google Scholar] [CrossRef] [PubMed]

	



McAllister, E.; Payo, A.; Novellino, A.; Dolphin, T.; Medina-Lopez, E. Multispectral satellite imagery and machine learning for the extraction of shoreline indicators. Coast. Eng. 2022, 174, 104102. [Google Scholar] [CrossRef]

	



Yeganeh-Bakhtiary, A.; EyvazOghli, H.; Shabakhty, N.; Kamranzad, B.; Abolfathi, S. Machine Learning as a Downscaling Approach for Prediction of Wind Characteristics under Future Climate Change Scenarios. Complexity 2022, 2022, 8451812. [Google Scholar]

	



Ahmed, U.; Mumtaz, R.; Anwar, H.; Shah, A.A.; Irfan, R.; García-Nieto, J. Efficient water quality prediction using supervised machine learning. Water 2019, 11, 2210. [Google Scholar] [CrossRef]

	



Azrour, M.; Mabrouki, J.; Fattah, G.; Guezzaz, A.; Aziz, F. Machine learning algorithms for efficient water quality prediction. Model. Earth Syst. Environ. 2022, 8, 2793–2801. [Google Scholar] [CrossRef]

	



Ghiasi, B.; Noori, R.; Sheikhian, H.; Zeynolabedin, A.; Sun, Y.; Jun, C.; Hamouda, M.; Bateni, S.M.; Abolfathi, S. Uncertainty quantification of granular computing-neural network model for prediction of pollutant longitudinal dispersion coefficient in aquatic streams. Sci. Rep. 2022, 12, 1–15. [Google Scholar] [CrossRef]

	



Hollister, J.W.; Milstead, W.B.; Kreakie, B.J. Modeling lake trophic state: A random forest approach. Ecosphere 2016, 7, e01321. [Google Scholar] [CrossRef]

	



Khullar, S.; Singh, N. Water quality assessment of a river using deep learning Bi-LSTM methodology: Forecasting and validation. Environ. Sci. Pollut. Res. 2022, 29, 12875–12889. [Google Scholar] [CrossRef]

	



Kim, Y.H.; Im, J.; Ha, H.K.; Choi, J.-K.; Ha, S. Machine learning approaches to coastal water quality monitoring using GOCI satellite data. GISci. Remote Sens. 2014, 51, 158–174. [Google Scholar] [CrossRef]

	



Lee, Y.J.; Park, C.; Lee, M.L. Identification of a Contaminant Source Location in a River System Using Random Forest Models. Water 2018, 10, 391. [Google Scholar] [CrossRef]

	



Mohammadpour, R.; Shaharuddin, S.; Chang, C.K.; Zakaria, N.A.; Ghani, A.A.; Chan, N.W. Prediction of water quality index in constructed wetlands using support vector machine. Environ. Sci. Pollut. Res. 2015, 22, 6208–6219. [Google Scholar] [CrossRef]

	



Nasir, N.; Kansal, A.; Alshaltone, O.; Barneih, F.; Sameer, M.; Shanableh, A.; Al-Shamma’a, A. Water quality classification using machine learning algorithms. J. Water Process Eng. 2022, 48, 102920. [Google Scholar] [CrossRef]

	



Qianqian, G.; Ying, Z. A kind of classification method for evaluating water qualities. In Proceedings of the 27th Chinese Control and Decision Conference (2015 CCDC), Qingdao, China, 23–25 May 2015; pp. 4142–4146. [Google Scholar] [CrossRef]

	



Singh, B.; Sihag, P.; Singh, K. Modelling of impact of water quality on infiltration rate of soil by random forest regression. Model. Earth Syst. Environ. 2017, 3, 999–1004. [Google Scholar] [CrossRef]

	



Singh, K.P.; Basant, N.; Gupta, S. Support vector machines in water quality management. Anal. Chim. Acta 2011, 703, 152–162. [Google Scholar] [CrossRef]

	



Tan, G.; Yan, J.; Gao, C.; Yang, S. Prediction of water quality time series data based on least squares support vector machine. Procedia Eng. 2012, 31, 1194–1199. [Google Scholar] [CrossRef]

	



Walley, W.J.; Džeroski, S. Biological Monitoring: A Comparison between Bayesian, Neural and Machine Learning Methods of Water Quality Classification. In Environmental Software Systems, IFIP—The International Federation for Information Processing; Springer: Boston, MA, USA, 1996; pp. 229–240. [Google Scholar]

	



Walsh, E.S.; Kreakie, B.J.; Cantwell, M.G.; Nacci, D. A Random Forest approach to predict the spatial distribution of sediment pollution in an estuarine system. PLoS ONE 2017, 12, e0179473. [Google Scholar] [CrossRef]

	



Kjeldsen, T.R.; Rosbjerg, D. Choice of reliability, resilience and vulnerability estimators for risk assessments of water resources systems. Hydrol. Sci. J. 2004, 49, 767. [Google Scholar] [CrossRef]

	



Hoque, Y.M.; Hantush, M.M.; Govindaraju, R.S. On the scaling behavior of reliability–resilience–vulnerability indices in agricultural watersheds. Ecol. Indic. 2014, 40, 136–146. [Google Scholar] [CrossRef]

	



Hoque, Y.M.; Raj, C.; Hantush, M.M.; Chaubey, I.; Govindaraju, R.S. How Do Land-Use and Climate Change Affect Watershed Health? A Scenario-Based Analysis. Water Qual. Expo. Health 2013, 6, 19–33. [Google Scholar] [CrossRef]

	



Mallya, G.; Hantush, M.; Govindaraju, R.S. Composite measures of watershed health from a water quality perspective. J. Environ. Manag. 2018, 214, 104–124. [Google Scholar] [CrossRef] [PubMed]

	



Hastie, T.; Tibshirani, R.; Friedman, J.H. The Elements of Statistical Learning: Data Mining, Inference, and Prediction; Springer: New York, NY, USA, 2009; Volume 2, pp. 1–758. [Google Scholar]

	



Breiman, L. Random forests. Mach. Learn. 2001, 45, 5–32. [Google Scholar] [CrossRef]

	



Freund, Y.; Schapire, R.E. A decision-theoretic generalization of on-line learning and an application to boosting. J. Comput. Syst. Sci. 1997, 55, 119–139. [Google Scholar] [CrossRef]

	



Friedman, J.H. Greedy function approximation: A gradient boosting machine. Ann. Stat. 2001, 29, 1189–1232. [Google Scholar] [CrossRef]

	



Bishop, C.M. Pattern Recognition and Machine Learning; Springer: New York, NY, USA, 2006. [Google Scholar]

	



Tipping, M.E. Sparse Bayesian learning and the relevance vector machine. J. Mach. Learn. Res. 2001, 1, 211–244. [Google Scholar]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.; et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830. [Google Scholar]

	



Geurts, P.; Ernst, D.; Wehenkel, L. Extremely randomized trees. Mach. Learn. 2006, 63, 3–42. [Google Scholar] [CrossRef]

	



US EPA. Quality Criteria for Water 1986 [The Gold Book]|US EPA [WWW Document]. 1986. Available online: http://yosemite.epa.gov/water/owrccatalog.nsf/9da204a4b4406ef885256ae0007a79c7/18888fcb7d1b9dc285256b0600724b5f!OpenDocument (accessed on 16 June 2015).

	



Demšar, J. Statistical Comparisons of Classifiers over Multiple Data Sets. J. Mach. Learn. Res. 2006, 7, 1–30. [Google Scholar]

	



Diebel, M.W.; Maxted, J.T.; Robertson, D.M.; Han, S.; Vander Zanden, M.J. Landscape planning for agricultural nonpoint source pollution reduction III: Assessing phosphorus and sediment reduction potential. Environ. Manag. 2009, 43, 69–83. [Google Scholar] [CrossRef]

	



Hansen, L.K.; Salamon, P. Neural network ensembles. IEEE Trans. Pattern Anal. Mach. Intell. 1990, 12, 993–1001. [Google Scholar] [CrossRef]

	



Schapire, R.E. The strength of weak learnability. Mach Learn. 1990, 5, 197–227. [Google Scholar] [CrossRef]

	



Zhou, Z.-H. Ensemble methods: Foundations and Algorithms; Chapman and Hall/CRC: Boca Raton, FL, USA, 2012. [Google Scholar]








[image: Water 15 00586 g001 550] 





Figure 1. Study area consists of the Upper Mississippi River Basin, the Ohio River Basin, and the Maumee River Basin. Green circular markers denote the geographic location of USGS-NAWQA stations, where data for water quality constituents such as suspended sediment concentration, nitrogen, and phosphorus are available. 
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Figure 2. Time series comparison of reference watershed health values inferred from measurements as in Mallya et al. [48] versus predicted watershed health (with respect to SSC) using a random forest model at USGS-NAWQA stations (a) 05526000 Iroquois River near Chebanese, IL, (b) 03320500 Pond River near Apex, KY, and (c) 04193500 Maumee River at Waterville, OH that were used in the test set. Only values for the period 1986–2014 are shown for brevity. 
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Figure 3. Variable importance for top 15 out of 81 explanatory variables according to random forest model trained on watershed health (with respect to SSC) at USGS-NAWQA stations. 
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Figure 4. Prediction of watershed health (with respect to SSC) at ungauged HUC-10 basins for the year 2014 using random forest regression model. Circular markers denote the location of USGS-NAWQA stations where SSC measurements were available and are color-coded based on watershed health for year 2014. 
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Figure 5. Time series comparison of watershed health (with respect to SSC) estimated from observations as in Mallya et al. [48] at USGS-NAWQA station 04193500 Maumee River at Waterville, OH, which was part of the test set versus ML model predictions using (a) random forest regressor, (b) gradient boosting regressor, (c) AdaBoost regressor, (d) Bayesian ridge regressor, and (e) ensemble RF regressor. Only values for the period 1986–2014 are shown for brevity. Red-line plot with red-colored hollow circular markers indicates reference WH values. Blue-line plot with solid blue-color circular markers indicates predictions from ML models. The shaded-grey region represents 90 percent prediction interval for the ML models. 
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Figure 6. Percentage of total study area under different categories of watershed health (five categories defined in increments of 0.2, with respect to SSC) using the ensemble model during the period 1966–2014. 






Figure 6. Percentage of total study area under different categories of watershed health (five categories defined in increments of 0.2, with respect to SSC) using the ensemble model during the period 1966–2014.



[image: Water 15 00586 g006]







[image: Water 15 00586 g007 550] 





Figure 7. Same as Figure 5. Time series comparison of watershed health (with respect to nitrite + nitrate) estimated from observations as in Mallya et al. [48] at USGS-NAWQA station 04193500 Maumee River at Waterville, OH, which was part of the test set versus ML model predictions using (a) random forest regressor, (b) gradient boosting regressor, (c) AdaBoost regressor, (d) Bayesian ridge regressor, and (e) ensemble RF regressor. 
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Figure 8. Prediction of watershed health (with respect to nitrite + nitrate) at ungauged HUC-10 basins for the year 2014 using the ensemble model. Circular markers denote the location of USGS-NAWQA stations where nitrite + nitrate measurements were available and are color-coded based on the watershed health for the year 2014. 
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Figure 9. Same as Figure 5. Time series comparison of watershed health (with respect to orthophosphate) estimated from observations as in Mallya et al. [48] at USGS-NAWQA station 04193500 Maumee River at Waterville, OH, which was part of the test set versus ML model predictions using (a) random forest regressor, (b) gradient boosting regressor, (c) AdaBoost regressor, (d) Bayesian ridge regressor, and (e) ensemble RF regressor. 
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Figure 10. Prediction of watershed health (with respect to orthophosphate) at ungauged HUC-10 basins for the year 2014 using the ensemble model. Circular markers denote the location of USGS-NAWQA stations where orthophosphate measurements were available and are color-coded based on watershed health for the year 2014. 
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Table 1. Goodness of fit measures of ML models and top five predictors of watershed health. The coefficient of determination    R 2    for the training set is the average value obtained during 5-fold cross validation, while the value given between the parentheses is the    R 2    value for the test set.
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	SSC
	Nitrite + Nitrate
	Orthophosphate





	Number of stations
	151
	70
	49



	US EPA standard (mg/L)
	30
	10
	0.1



	    R 2    training (testing)
	
	
	



	Random forest
	0.98 (0.95)
	0.98 (0.81)
	0.99 (0.26)



	Gradient boosting
	0.99 (0.94)
	0.99 (0.84)
	0.98 (0.57)



	AdaBoost
	0.87 (0.84)
	0.99 (0.88)
	0.94 (0.32)



	Bayesian ridge
	0.75 (0.68)
	0.75 (−1.31)
	0.83 (−22)



	Ensemble
	0.98 (0.98)
	0.97 (0.98)
	0.98 (0.99)



	Top 5 predictors
	Forest land-use percentage
	Agricultural land-use percentage
	Water land-use percentage



	
	Water land-use percentage
	Available water storage in top 25 cm of soil
	Average fertilizer sales



	
	Longitude
	Drainage area
	Longitude



	
	Agricultural land-use percentage
	Forest land-use percentage
	Forest land-use percentage



	
	Drainage area
	Longitude
	Percentage area with hydrologic soil group B
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