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For more than 25 years, the Department of Environment (DOE) of Malaysia has implemented a water quality index (WQI) that uses six key water quality parameters: dissolved oxygen (DO), biochemical oxygen demand (BOD), chemical oxygen demand (COD), pH, ammoniacal nitrogen (AN), and suspended solids (SS). Water quality analysis is an essential component of water resources management that must be properly managed to prevent ecological damage from pollution and to ensure compliance with environmental regulations. This increases the need to define an efficient method for WQI analysis. One of the major challenges with the current calculation of the WQI is that it requires a series of sub-index calculations that are time consuming, complex, and prone to error. In addition, the WQI cannot be calculated if one or more water quality parameters are missing. In this study, the optimization method of WQI was developed to address the complexity of the current process. The potential of data-driven modeling, i.e., Support Vector Machine (SVM) based on Nu-Radial basis function with 10-fold cross-validation, was developed and explored to improve the prediction of WQI in Langat watershed. A thorough sensitivity analysis under six scenarios was also conducted to determine the efficiency of the model in WQI prediction. In the first scenario, the model SVM-WQI showed exceptional ability to replicate the DOE-WQI and obtained statistical results at a very high level (correlation coefficient, r > 0.95, Nash Sutcliffe efficiency, NSE >0.88, Willmott’s index of agreement, WI > 0.96). In the second scenario, the modeling process showed that the WQI can be estimated without any of the six parameters. It can be seen that the parameter DO is the most important factor in determining the WQI. The pH is the factor that affects the WQI the least. Moreover, scenarios three to six show the efficiency of the model in terms of time and cost by minimizing the number of variables in the input combination of the model (r > 0.6, NSE >0.5 (good), WI > 0.7 (very good)). In summary, the model will greatly improve and accelerate data-driven decision making in water quality management by making data more accessible and attractive without human intervention.
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1 INTRODUCTION
The term “water pollution” refers to the contamination of several types of water, including surface water (oceans, lakes, and rivers) as well as groundwater. A significant factor in the growth of this issue is inadequate treatment given to pollutants before being released either directly or indirectly into bodies of water (Wan Mohtar et al., 2017). Changes in water quality have substantial effects not just on marine environments, but also on the availability of public water supplies and agriculturally useable fresh water. In developing nations, it is common for the economy to grow rapidly, and every project that contributes to this growth may be detrimental to the environment. For long-term water management and to protect people and the environment, it is essential to monitor and evaluate water quality (Yotova et al., 2021).
The water quality index, also known as WQI, is derived from data on water quality and is used to determine the current state of river water quality (Banda and Kumarasamy, 2020). When evaluating the degree of change in water quality, numerous variables must be considered. WQI is an index that doesn’t have any dimensions. It is made up of specific water quality parameters. WQI provides a method for classifying the water quality of bodies of water both historically and at present. The meaningful value of the WQI can impact the decisions and actions of policymakers (Aljanabi et al., 2021). The water quality improves as the index number on a scale from 1 to 100 increases. River stations that have a score of 80 or higher are generally considered to have water quality that satisfies the standards for being classified as clean rivers. The water quality is regarded to be polluted if WQI is lower than 40, whereas stations with a value between 40 and 80 signify that the water quality is indeed slightly polluted (Yahya et al., 2019).
Globally, there are several WQI calculation techniques. Among these, are the Interim National Water Quality Standards for Malaysia (INWQS), the United States National Sanitation Foundation Water Quality Index, the Florida Stream Water Quality Index, the Canadian Water Quality Index, the British Columbia Water Quality Index, the Oregon Water Quality Index, and a few others (Bui et al., 2020).
In general, calculating the WQI necessitates a set of sub-indexes transformations, which are lengthy computation, complicated, and error prone (Rana and Ganguly, 2020). Complex and nonlinear interactions exist between the WQI and other water quality parameters. Computing a WQI can be hard and take a long time because different WQIs use different formulas, which can lead to mistakes (Asadollah et al., 2021). A major challenge is that the formula of the WQI cannot be calculated if one or more water quality parameters are missing (Othman et al., 2020). In addition, several of the criteria necessitate a time-consuming, exhaustive procedure for sample collection, which must be conducted by trained professionals to guarantee a precise examination of samples and the display of results (Kachroud et al., 2019). Despite enhanced technology and equipment, extensive spatial and temporal river water quality monitoring is hampered by high operational and administrative costs.
This discussion has demonstrated that there is no global WQI methodology (Aljanabi et al., 2021). This raises the need to develop alternative approaches to calculate the WQI in a computationally efficient and accurate manner. Such an improvement could be useful to environmental resource managers in monitoring and assessing river water quality. In this context, some researchers have successfully predicted the WQI using artificial intelligence (Agrawal et al., 2021; Elbeltagi et al., 2022; Mokhtar et al., 2022). Artificial intelligence-based machine learning modelling avoids sub-index computations and generates a WQI result quickly (Gupta et al., 2019). Artificial intelligence-based machine learning algorithms are gaining popularity because of their non-linear architectures, ability to predict complicated events, capacity to manage big datasets including data of varied sizes, and insensitivity to incomplete data (Hameed et al., 2017). Their capability to predict depends totally on the approach and precision of data gathering and processing (Malik et al., 2020).
Ho et al. (2019) investigated the influence of six main input parameters (DO, BOD, COD, SS, pH, and AN) on the prediction of WQI classes using the Decision Tree machine learning model. The purpose of the modeling experiments is to evaluate the accuracy of the model’s prediction and classification based on reduced water quality parameters and a variety of scenarios. The results show that the model is able to predict the WQI class.
Artificial neural networks (ANN) were used by Othman et al. (2020) to develop an approach to calculate the WQI from six input parameters (DO, BOD, COD, SS, pH, and AN) instead of using the parameter index when one of the parameters was not available. A comprehensive sensitivity analysis was performed by dropping each of the six water quality parameters from the input to identify the most influential input parameters. The data show that DO has the greatest influence on WQI, while pH has the least influence.
Bui et al. (2020) developed four stand-alone methods (Random Forest, M5P, Random Tree, and Reduced Error Pruning Tree) and 12 hybrid algorithms (combinations of stand-alone methods with bagging, CV parameter selection, and randomizable filtered classification) for predicting the WQI of Iran. Ten different input combinations were generated by minimizing each parameter. The optimal input combinations vary depending on the algorithm and catchment type.
Asadollah et al. (2021) present a new ensemble machine learning model, Extra Tree Regression, for predicting monthly WQI values in the Lam Tsuen River in Hong Kong. The monthly input parameters for water quality BOD, COD, DO, electrical conductivity, nitrate-nitrogen, nitrite-nitrogen, phosphate, pH, temperature, and turbidity are used to build predictive models. By reducing the number of input parameters, different combinations of input data are evaluated. The results show promising prediction of WQI.
Support vector machine (SVM) is a well-known machine learning technology that is frequently employed for data-driven modelling in engineering applications, natural behavior, and water quality research (Ling et al., 2019; Yahya et al., 2019; Ismail et al., 2021; Leong et al., 2021). Solano Meza et al. (2019) estimated the generation of municipal waste in the city of Bogota using the SVM model. The performance of the SVM model was compared with that of the decision tree and ANN. Based on the results, it was determined that SVM is the best model for this type of analysis. A hybrid method, known as Multiple Model-SVM, was introduced to predict pan evaporation, and compared with two stand-alone models, SVM and ANN (Ghorbani et al., 2021). The hybrid SVM model successfully improved the prediction of pan evaporation and simplified the complexity of the process.
Despite its complex calculations, nonlinearity, and stochasticity, SVM models can be employed to efficiently predict water quality although monitoring water quality measures is challenging (Ho et al., 2019). The adaptability of SVM models enables the development of superior and more efficient models to address the challenges of monitoring water quality parameters (Leong et al., 2021). Nonlinear, high-dimensional, localized minimums, and other partial elements may all be resolved for relatively small samples by using SVM. Additionally, SVM is modular, allowing component designs to be implemented individually. This study demonstrates how SVM can be used to estimate the quality of water in six different situations where the measurement data contains hidden dynamic processes. From the previous studies, not all the research attempted to predict WQI but instead focused on predicting only one parameter (Yahya et al., 2019). Leong et al. (2021) predicted the WQI using the SVM and least square SVM machine learning methods. Both models were trained with all 31 input parameters and six parameters originally used to calculate WQI. Both SVM models show that the accuracy is higher with only six parameters than with all 31 input parameters.
With this background, the main objective of this study is to develop a predictive model for the WQI using a robust approach based on an SVM model to address the challenges and complexity of the existing WQI. The aim of this model is to predict the WQI with minimal parameter combinations, and it is of great help when one or more parameters are missing. A sensitivity analysis is performed under six different scenarios to evaluate the degree of uncertainty associated with the many possible combinations of input parameters.
2 METHODOLOGY
2.1 Area study and data set
The Langat River catchment is in the western part of Peninsular Malaysia, more specifically between latitudes 2° 40′ 152″ N and 3° 16′ 15″ N and longitudes 101° 19′ 20″ E to 102° 1′ 10″ E (Hamzah et al., 2021). The catchment covers an area of about 2,394.38 km2, with the main river channel being about 141 km long. The river flows south into the Lower Mainland and west to the coast of Selangor State, with its mouth in the Strait of Malacca (Ebrahimian et al., 2018). This river basin, which is the most densely populated in Malaysia, is believed to offset the benefits of overdevelopment in the Klang Valley (Wan Mohtar et al., 2017). It is an important raw water resource for drinking, recreational, industrial, and agricultural purposes (Ahmed et al., 2021). Within the Langat River, there are four sub-basins (Kajang, Dengkil, Lui, and Semenyih). The largest sub-basin, Kajang, was chosen for water quality assessment. The sub-basin is in the center of the Langat River, with variable water quality. The downstream part of the Langat River has been designated as one of 42 contaminated tributaries in Peninsular Malaysia. As a result, water quality is a major concern, as river water is a vital supply of drinking water for the citizens of Langat River (Farid et al., 2016).
The Department of Environment (DOE) Malaysia, Ministry of Natural Resources and Environment had implemented WQI to measure the quality of water in Malaysia for over 25 years. DOE uses six water parameters quality to define the status of surface water quality based on INWQS, which are dissolved oxygen (DO), biochemical oxygen demand (BOD), chemical oxygen demand (COD), pH value, ammoniacal nitrogen (AN) and suspended solid (SS). This study used 240 observations of Langat River water quality data for six selected variables acquired from Malaysia’s DOE between 2000 and 2019. Three stations were selected for water quality monitoring: S01, S02, and S03. The details for the selected sampling water quality monitoring stations are depicted in Table 1; Figure 1.
TABLE 1 | Coordinates of selected sampling water quality monitoring station.
[image: Table 1][image: Figure 1]FIGURE 1 | Water quality monitoring stations of the Langat River.
2.2 SVM model development
Given how important it is to protect the environment, the main goal of this study is to build an SVM model-based tool for predicting WQI and displaying measurement data in very specific phases. In this regard, the section will concentrate on constructing a prediction model for WQI with a reliable method by employing the SVM model to estimate the WQI without utilizing parameter indices, but rather by directly using physical values from parameters. The major advantage of this model is that the computation of WQI is possible especially when one or more of the parameters is missing. The following pre-processing steps were employed to enhance the prediction model in this study. Figure 2 depicts a summary of the processes followed to develop the prediction model for this study. During the various stages of model development, “R programming” is used as a tool for performing all analyzes (Karatzoglou et al., 2022; Meyer, 2022).
[image: Figure 2]FIGURE 2 | Overview of workflow to build the predictive model.
2.2.1 Data imputation
To begin, data imputation for water quality has been done, with the CART method used to impute and fill in data gaps. Missing data is an unavoidable occurrence in water quality monitoring systems (Hamzah et al., 2021). The bulk of data analysis techniques requires the input of comprehensive data sets (Pillai et al., 2019; Hadeed et al., 2020). Incomplete data might result in skewed or erroneous results, which can have a detrimental effect on the conclusions taken from data on water quality (Ratolojanahary et al., 2019). CART is an established machine learning classification technique (Mauro Assis Gomes et al., 2020) that utilizes the concept of classifiers and cut points in variables to split the sample. The sample was subsampled into broader, more homogeneous subsamples using cut points. In both subsamples, the splitting method is used more than once. This makes a binary tree with many splits (Rodríguez et al., 2021).
2.2.2 Water quality index
After imputation of the data, DOE-WQI is calculated and compared with the predicted SVM-WQI. The WQI is derived from water quality data and is used to determine the current status of a river’s water quality. Numerous variables must be considered when evaluating the degree of change in water quality. The WQI is an index that has no dimensions. It is composed of specific water quality parameters. The WQI provides a method for classifying water quality of water bodies both in the past and in the present. The meaningful value of the WQI can influence the decisions and actions of policy makers. Water quality improves the higher the index value on a scale of 1–100. River stations that have a score of 80 or higher are generally classified as clean rivers because they meet water quality standards. Water quality is considered polluted when the WQI is below 40, while stations with a value between 40 and 80 mean that water quality is even slightly polluted (Yahya et al., 2019).
For more than 25 years, DOE has used a river WQI that includes six key water quality parameters: Dissolved oxygen (DO), biochemical oxygen demand (BOD), chemical oxygen demand (COD), pH, ammoniacal nitrogen (AN) and suspended solids (SS). The WQI is used as the basis for environmental assessment of a watercourse to classify pollution loads and establish classes of beneficial uses, as provided in INWQS. The formula for calculating the WQI is given in Eq. 1. In Eq. 1, DO has the highest weighting, while pH has the lowest weighting. Before calculating the WQI, each of the six parameters is first converted into a sub-index (SI) and the SIs are selected according to the mathematical relationships that give the correct combination and are given in Eqs 2–18.
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2.2.3 Data normalization
After DOE-WQI done computed, the water quality parameters and DOE-WQI data were then normalized using the min-max method to avoid overfitting and ensure the accuracy of the results due to the scale differences between the various water quality parameters, and the data normalization is essential when dealing with attributes with varying scales, as this may result in lesser effectiveness of a critical attribute (with a lower scale) due to the presence of other attributes with varying scales (Adeyemo et al., 2020). Additionally, the normalization of data helps accelerate the training process and lessen the impact of dataset outliers (Ho et al., 2019). Thus, after normalizing the dataset, the machine learning model’s efficiency increases. The strength of this approach is that it maintains the exact relationships between the data items. It performs exceptionally well and does not inject any potential bias into the data (Dong et al., 2019).
2.2.4 Data partitioning
Finally, data was partitioned for building the predictive model to optimize the model’s performance. The fundamental principle behind data partitioning is to exclude a subset of accessible data from analysis and utilize it afterward to verify the model. The data partition is utilized to avoid too optimistic model precision estimations. Data partitioning is typically used in conjunction with supervised learning approaches (e.g., SVM), in which a predictive model is chosen from a set of models based on their performance on the training set. In this study, 80% of the data were randomly classified for training purposes, while 20% were classified to test the results using a 10-fold cross-validation technique. Even though there is no broadly adopted formula for modelling temporal and spatial predictions, this ratio is the most utilized method (Bui et al., 2020; Ghorbani et al., 2021).
2.2.5 Regression in SVM
SVM, which was initially intended to handle the classification problem and is currently being expanded to address the regression challenge (Ling et al., 2019). The training points closest to the separating hyperplane are the support vectors. There are responsible decision functions, such as hyperplanes that can denote the positive and negative data that has defined the maximum margins. This indicates that the distance between the nearest positive sample and the hyperplane should be minimized, while the distance between the nearest negative sample and the hyperplane should be maximized (Yahya et al., 2019). The kernel function has the most significant impact on SVM model prediction compared to other factors like scale factor and regulation parameter. The regression model employs the function defined in Eq. 19:
[image: image]
here, ϕ(x) can be any nonlinear kernel function (including the polynomial, radial basis, linear and sigmoid) and the weight (w) and bias vectors (b) values derived from the training data set. Estimation of coefficients w and b is performed by minimizing the sum of the empirical risk and a complexity component, whereas SVM regression is performed in feature space with high dimensions through a nonlinear mapping. Iterative trial-and-error calibration was implemented to determine the type of kernel function to employ and the value of the regularization parameter. SVM regression is categorized into two categories. Epsilon regression, often known as Type 1, or Nu regression, is the second type of regression (Behmel et al., 2016). For more details, readers may refer to Mamat et al. (2021) to get a better grasp of the structure of the SVM.
To build a WQI prediction model using the regression component of the SVM model and water quality data, the following steps must be performed in sequence.
Step 1. Selection of the independent (predictor) and dependent (target response) variables.To determine whether the SVM regression model is capable of learning the behavior of the WQI used by Malaysian DOE, six water quality parameters (DO, BOD, COD, pH, AN, SS) originally used to calculate the WQI based on Eq. 1 were selected as input predictors (x) and the WQI as the target response (y) in this study.
Step 2. Train the SVM regression model with the training set.When developing a machine learning model, the data must always be divided into a training set and a testing set. The SVM model is trained using the values from the training set and the WQI is predicted and evaluated using the testing set.
Step 3. Determine the kernel function and set up the parameters for the training setThe first goal of this part is to determine the kernel functions that best fit the SVM model that can be used to predict the WQI. The kernel functions include linear, radial basis, polynomial, and sigmoidal kernel functions. The same training data is used four times to train the model for four different kernel functions. After analyzing the performance of the four models, it is determined which kernel has the best fitting kernel function. The optimal kernel function is then used to train the tuning parameters of the SVM model. To obtain valid predictive performance for the SVM model, the optimal parameter settings must be carefully selected because they all affect the generalization performance of the SVM model. During the training phase of the SVM simulation, the parameters are calibrated by trial and error and multiple test runs. During the testing phase, the WQI prediction model is configured with the optimal parameters.
Step 4. Predicting the results from the testing set.In this step, the WQI is predicted from the testing set using the SVM model developed for unseen data.
Step 5. Comparison of the testing set with the predicted values.For performance comparisons, the WQI values from the testing set are displayed as ‘observed’, while the WQI values predicted by the SVM are displayed as ‘predicted’.
Step 6. Visualization of the SVM resultsIn this step, the ‘observed’ and ‘predicted’ WQI are plotted to visualize the results and performance.
Step 7. Prediction of the WQI using the SVM model and sensitivity analysisAfter reducing the possible combinations of input predictors from the original set of six established in Step 1, Steps 6 through 8 are performed again for sensitivity analysis for each of Scenarios two through 6.
2.2.6 Sensitivity analysis of various modelling scenarios
A sensitivity analysis of a developed model evaluates the uncertainties between a model’s predictions and its input parameters. As part of the process of establishing the model, all six water quality measures were utilized as input variables to assess the model’s effectiveness. There are three main purposes of this research which are mainly to utilize the SVM model as an alternative efficient method to predict WQI. The first scenario was run using all six parameters as input variables which serve as a reference model by avoiding the calculation of sub-indices and directly using raw physical values of parameters. Second, to demonstrate that the model can estimate WQI even with missing parameters, a sensitivity analysis was conducted by omitting one of the six parameters. The SVM performance model was then tested using all the model performance criteria used for this study to assess the significance of the input parameters of the first scenario model. Moreover, sensitivity analysis was very useful and reliable when sufficient data were available to assess the relative importance of the parameter (Bui et al., 2020). Third, this predictive modelling puts a lot of emphasis on how accurate predictions are when they are based on a small number of input characteristics. This makes it easier and faster to discover the WQI of a river. Each scenario was made by reducing the model input parameters from the six parameters required by the DOE to five, four, three, two, and one parameter. Implementing the proposed support vector machine model with a minimum number of model input variables would result in a low cost for river WQI prediction. This might also reduce the time required to analyze a water sample in the lab to determine the break-off parameters. The third scenario contains four inputs, resulting in five possible water quality parameter configurations. In the fourth scenario, there are three inputs, in the fifth scenario there are two inputs, and in the sixth scenario there is just one water quality indicator considered. Table 2 show all possible efficient combinations of input parameters for six different scenarios.
TABLE 2 | Input combination data for each scenario in sensitivity analysis, with the considered parameter is marked with “X”.
[image: Table 2]2.3 Evaluation indicators
Several key metrics were utilized to assess the performance of the prediction models. Comparing predicted and observed data helped identify the optimal estimation WQI model. MAE, r, NSE, WI, and PBIAS were used to compare the accuracy of the deployed models in estimating WQI. The objective function was chosen as NSE since it is the most constraining (Narbondo et al., 2020). MAE and r were utilized for estimation, whereas WI and PBIAS were employed for validation.
2.3.1 Mean absolute error (MAE)
The mean difference between predicted and actual data is defined as a mean absolute error (Avila et al., 2018). The MAE ranges from 0 to infinity, with 0 being the best fit. Some researchers suggest using MAE instead of RMSE (Moriasi et al., 2015; Willmott et al., 2017). MAE is more interpretable than root mean square error (RMSE). In mathematics, MAE is the average absolute difference between two variables. MAE is easier to understand than the average of squared errors. Moreover, unlike RMSE, each error affects MAE proportionally to its absolute value.
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2.3.2 Pearson correlation coefficient (r)
Pearson correlation coefficient, r measures the degree and direction of the linear connection between actual and predicted data. The values might vary between -1 and 1, inclusive. r usually appears to be the most effective and straightforward method for evaluating variable combinations related to water quality (Asadollah et al., 2021).
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2.3.3 Nash Sutcliffe efficiency (NSE)
The NSE was used to evaluate the performance of the model. As a normalized statistic, the NSE determines how much ‘noise’ is present compared to how much ‘information’ is present in the data of an experiment (Moriasi et al., 2015). In terms of NSE, the NSE is a measure of how well the observed and estimated data plots match the 1:1 line. NSE is between -∞ and 1.0 (including 1), with NSE = 1 being the optimal value. Performance levels between 0.0 and 1.0 are generally considered acceptable, but values below 0.0 indicate a poorer correlation between observed and predicted values, indicating poor performance.
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2.3.4 Willmott’s index of agreement (WI)
Willmott introduced the agreement index (WI) as a standard method for assessing the extent of model prediction error. It is calculated by dividing the ‘potential error’ by the ‘mean square error’. It can incorporate measurement uncertainty (Martín et al., 2017).
[image: image]
2.3.5 Percent bias (PBIAS)
The percentage bias metric (PBIAS) quantifies the average probability that the simulated data is greater or less than the observed data. PBIAS is ideally 0.0, with low values indicating efficient model simulation. Positive numbers indicate an overestimation of the model, while negative values indicate an underestimation of the model (Moriasi et al., 2015). PBIAS is the deviation of the data analyzed, represented as a percentage of the mean.
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The following table contains the standard review of performance values and ratings for NSE, WI, and PBIAS used in this work, as indicated in Table 3 (Moriasi et al., 2015; Rodríguez et al., 2021).
TABLE 3 | Evaluation indicators and associated rating of performance.
[image: Table 3]3 RESULTS AND DISCUSSION
Developing the optimal SVM model will be discussed in detail further down. The Malaysian DOE provided the data for the water quality analysis in this study. For SVM modelling, this work used monthly time series data sets for six chosen parameters (DO, BOD, COD, pH, SS, AN) from three locations from 2000 to 2019.
3.1 SVM model development
This study’s initial goal is to identify the kernel functions that best fit the SVM model for WQI and can be utilized to predict WQI. Table 4 shows the results of the model prediction analysis for several kernel function types, including Linear, Radial Basis or Gaussian, Polynomial, and Sigmoidal kernel functions. The RBF kernel function has the highest correlation coefficient (0.990, 0.989) during the training and testing phases, followed by linear (0.951, 0.978), polynomial (0.904, 0.890), and sigmoid kernel functions (0.321, 0.904). As a result, the RBF kernel function will be employed for further development.
TABLE 4 | Performance of SVM model with four kernel functions.
[image: Table 4]To achieve valid predictive performance for the SVM model, the optimal parameter sets must be carefully chosen since they all have an impact on SVM generalization performance. Therefore, for the next part, two types of RBF kernel functions, Epsilon and Nu, are trained to determine the best SVM efficiency for WQI prediction. Based on the results of the 10-fold cross-validation, the optimal architecture of the SVM model was chosen. K-fold CV is a robust technique for evaluating model accuracy. In terms of 10-fold CV value, Table 5 shows that the Nu-RBF model outperforms the Epsilon-RBF model. According to this data, the error variance between actual and predicted WQI values is extremely small. This also demonstrates how effective the combination of Nu-RBF and 10-fold CV model selection is.
TABLE 5 | Performance of RBF kernel functions.
[image: Table 5]Aside from that, there are two crucial factors to consider: the gamma and capacity parameters. These elements are critical for optimizing the structure of the SVM model that will be used in these situations. During the training phase of the SVM simulation, the gamma and capacity parameters, were calibrated using several tests runs and trial and error. The optimal gamma and capacity parameters to use for the WQI prediction model during training and testing are capacity = 6 and gamma = 0.5. As a result, the SVM model with a hybrid of Nu-RBF (capacity = 6 and gamma = 0.5) and 10-fold CV is chosen as an effective final prediction model.
3.2 Sensitivity analysis of SVM modelling scenarios
In Malaysia, the DOE developed the WQI formula based on the INWQS, which uses six water quality parameters (ammoniacal nitrogen (AN), biochemical oxygen demand (BOD), chemical oxygen demand (COD), dissolved oxygen (DO), pH, and suspended solids (SS)). One of the primary constraints of DOE-WQI is that if any of the six parameters are missing, the calculation of DOE-WQI is impossible to proceed with. To obtain actual or near-actual values for river water, this study offered the data-driven SVM-WQI model to solve this problem using all six parameters or a minimal number of parameters. Sensitivity analysis with six different scenarios is evaluated in this study to determine the best combination for WQI prediction. In both the training and testing phases, the accuracy of the models is assessed using statistical indices such as MAE, r, NSE, WI, and PBIAS. A testing dataset was used to evaluate the models, and the most effective one was chosen for modeling and further study. This result merely reveals how well the models match the training dataset, as all models were constructed using the training dataset. The training data were not used for model evaluation. An evaluation was conducted utilizing testing data (Bui et al., 2020). From the findings as well, it can generally be noticed that the prediction performance is higher in the training phase than in the testing phase. This is to be expected because the prediction error is minimized during the training phase, and the model built during the training phase is tested during the testing phase (Yahya et al., 2019).
Before performing the sensitivity analysis, it is necessary to examine the relationship between the six input parameters and the WQI to determine the combination that provides the most accurate prediction of the WQI. Table 6 shows the values of the Pearson correlation matrix between the different input parameters considered and the WQI. When evaluating the different possible combinations of input variables, the Pearson correlation coefficient method consistently proves to be the most effective and easiest to understand (Malik et al., 2020; Sharafati et al., 2020; Asadollah et al., 2021). According to Table 6, DO has the strongest correlation with WQI, while pH has the weakest correlation. It is also interesting to note that biochemical oxygen demand (BOD) is the second strongest correlated parameter with water quality index (WQI). The results shown in Table 6 are used in selecting the different input parameter combinations for WQI prediction, with the goal of gradually eliminating parameters that have lower Pearson correlation with WQI. As you can see from Tables 7, 8, 9, 10, 11, 12, a total of twenty-one different combinations of input parameters were considered (SVM1 to SVM21).
TABLE 6 | Correlation matrix between selected water quality parameters and the WQI.
[image: Table 6]TABLE 7 | Performance evaluations for the first scenario.
[image: Table 7]TABLE 8 | Performance evaluations for the second scenario.
[image: Table 8]TABLE 9 | Performance evaluations for the third scenario.
[image: Table 9]TABLE 10 | Performance evaluations for the fourth scenario.
[image: Table 10]TABLE 11 | Performance evaluations for the fifth scenario.
[image: Table 11]TABLE 12 | Performance evaluations for the sixth scenario.
[image: Table 12]3.2.1 First scenario: Originally with all six parameters
In the first scenario, the SVM1-WQI has been trained and tested with the six originally defined input parameters that have been used in DOE-WQI. The main goal to achieve in this scenario is to develop an alternative model that can predict WQI with high accuracy and stability by using direct measured physical values without sub-index calculation within WQI equations. The results of the SVM1-WQI implementation for the different monitoring stations are shown in Table 7. It is clearly shown that in both phases, the model was exceptionally able to replicate the behavior of DOE-WQI and attained very high accuracy. The performance for model SVM1-WQI (Station S01: rTrain = 0.9961, MAETrain = 0.0047, rTest = 0.9521, MAETest = 0.0357; Station S02: rTrain = 0.9992, MAETrain = 0.0038, rTest = 0.9701, MAETest = 0.0391; Station S03: rTrain = 0.9989, MAETrain = 0.0046, rTest = 0.9741, MAETest = 0.0288). The lowest value of MAE signifies the high model robustness along with the highest degree of r, NSE, WI, and PBIAS. SVM1-WQI has a high degree of precision and minimal residual error. Figures 3A, 4A which depict a time series plot and a scatter plot, respectively, reflect this agreement. Figure 3A depicts a comparison of the actual (DOE-WQI) and predicted (SVM1-WQI) values for Station S03 using the chosen Nu-RBF model. The vertical axis represents WQI data, and the horizontal axis represents time set. The plot shows that the SVM1-WQI model is capable of predicting WQI. This capability is visualized by the similarity behavior of the plot between the actual and predicted values of WQI. The closeness of this data indicates that the deviation of error is very small and can be neglected. The association of SVM1-WQI for Station S03 has been plotted in Figure 4A. The vertical axis represents predicted WQI, and the horizontal axis represents actual WQI. The scatter plot graphically illustrates the association between the predicted and observed values of WQI. In the diagram, the line of the best fit is drawn as a reference and to describe the closeness of the relationship between the predicted and the observed data. As expected, SVM1-WQI shows excellent prediction performance as the data points are very close to the best fit line in the testing phase. Moreover, since SVM1-WQI is identical to the usual DOE-WQI technique, the first scenario, which includes all six parameters, was used as a standard benchmark for which other scenarios could be evaluated.
[image: Figure 3]FIGURE 3 | Comparison of the observed (DOE-WQI) and the best predicted model (SVM-WQI) for each scenario: (A) SVM1-WQI; (B) SVM3-WQI; (C) SVM11-WQI; (D) SVM14-WQI; (E) SVM17-WQI; and (F) SVM20-WQI.
[image: Figure 4]FIGURE 4 | Correlation between the observed (DOE-WQI) and the best predicted model (SVM-WQI) for each scenario: (A) SVM1-WQI; (B) SVM3-WQI; (C) SVM11-WQI; (D) SVM14-WQI; (E) SVM17-WQI; and (F) SVM20-WQI.
3.2.2 Second scenario: Input data with five parameters
In the second scenario, the prediction model was run based on five different water quality parameters with six different combinations as shown in Table 8. The statistical indicators demonstrate the SVM model’s capacity to predict the WQI even without the original six parameters, with a high degree of accuracy (r, NSE, and WI criteria), all of which are more than 0.9. Furthermore, as can be seen in Table 8, among all the results for scenario 2, model SVM3-WQI offers better-quality estimates of WQI than the remaining models do. According to the displayed results, SVM3-WQI achieves the highest prediction accuracy during both the training and testing phases. The model SVM3-WQI is the combination of DO, BOD, COD, SS, and AN, excluding the pH parameter, with corresponding results (Station S01: rTrain = 0.9961, MAETrain = 0.0040, rTest = 0.9459, MAETest = 0.0336; Station S02: rTrain = 0.9991, MAETrain = 0.0046, rTest = 0.9666, MAETest = 0.0377 and Station S03: rTrain = 0.9994, MAETrain = 0.0029, rTest = 0.9785, MAETest = 0.0224). This model is highly affecting the estimated values of WQI. As a next step, all the possible combinations from SVM2-WQI to SVM7-WQI are simulated, and the results are listed in Table 8. In this predictive modelling, the effects of each water quality parameter were studied based on the analysis. In contrast, when DO is eliminated from the study, WQI yields the lowest accuracy. SVM7-WQI findings demonstrate the lowest accuracy (Station S01: rTrain = 0.9898, MAETrain = 0.0175, rTest = 0.9131, MAETest = 0.0517; Station S02: rTrain = 0.9970, MAETrain = 0.0076, rTest = 0.9234, MAETest = 0.0732 and Station S03: rTrain = 0.8456, MAETrain = 0.0677, rTest = 0.8456, MAETest = 0.0677). This discovery is extremely significant because it demonstrates that DO cannot be excluded from the study without compromising WQI’s overall performance. In the current WQI computation, the sub-index of DO includes a lengthy process in which the DO concentration must first be converted to % saturation, and then it must correspond with the sample day’s temperature (Fondriest Environmental, 2013). Without temperature information, the computation of the sub-index of DO and WQI would deteriorate. Remarkably, SVM1-WQI is able to circumvent this obstacle by adopting direct physical DO concentration. Furthermore, pH has been demonstrated to have a weak relationship with WQI prediction. In Malaysia, the pH of the water flowing into rivers is closely monitored. It is the easiest parameter to measure because it can be easily measured on-site and does not require to be tested in a lab. In addition, as Malaysia is a tropical country that experiences a significant amount of rainfall every year, the rain may readily dilute and neutralize the pH level in the rivers. Therefore, the lack of pH from the data used to generate predictions has little to no effect on how WQI is predicted. All quantitative results were in agreement with the research results obtained by Othman et al. (2020). It shows a strong correlation between the input parameters and the target response, WQI. The accuracy of the model performance generated by SVM3-WQI was only shown for Station S03 using the time series plot and scatter plot in Figure 3B shows the comparison of the actual DOE-WQI and SVM3-WQI. Meanwhile, Figure 4B displays the association between predicted and observed WQI values visually. The y-axis represents the actual DOE-WQI, whereas the x-axis represents the predicted SVM3-WQI. The line of best fit is drawn as a reference to describe the closeness of the correlation between the predicted and observed data in the plot. In the testing phase, SVM3-WQI makes great predictions (points close to the best fit line) for the Station S03.
Next, the primary objective of executing Scenarios three through six is to enhance model performance by minimizing the combination of input variables to the prediction model. The performance of the models is displayed in Figures 3C–F, 4C–F for the following scenarios. For the NSE assessment, the prediction results are generally considered “good”. The WQI predicted at the three monitoring sites provided the best estimate with a ‘good’ performance for all models assessed. The validation of the models was exceptional and gave ‘very good’ results for the assessments WI and PBIAS.
3.2.3 Third scenario: Input data with four parameters
Scenario three reduced the number of input variables by employing only four water quality factors for the model. Table 9 shows the results of an analysis of various input combinations. The water quality parameter combinations are considered after the model SVM3-WQI with the pH parameter omitted. By employing DO, COD, SS, and AN as inputs, SVM11-WQI achieves the optimum performance and prediction accuracy. Surprisingly, the accuracy of SVM10-WQI does not differ much from SVM11-WQI with combinations of DO, BOD, SS, and AN. Incidentally, BOD and COD are identical variables in both combinations. It is interesting to note that other combinations, such as SVM8-WQI, SVM9-WQI, and SVM12-WQI, nevertheless managed to hit the prediction accuracy benchmarks of r > 0.85, NSE >0.70, and WI > 0.90 across the stations. Compared to scenario 2, scenario three combines the deletion of pH with the elimination of other model inputs and produces a significant result for this predictive modelling that is close to scenario 2’s accuracy. Hence, all input combinations for the third scenario are qualified for this predictive modelling. The findings of the investigation carried out in the third scenario demonstrated that BOD is the parameter with the weakest correlation to the accurate predictions of WQI across all stations. There are a few challenges involved with BOD testing, including a 5-day incubation period, a long sample preparation method, and issues achieving reliable, repeatable findings. The major limitation of BOD analysis from an operational perspective is time lag. In addition, this scenario can determine which parameter correlates most significantly with WQI. Therefore, the exclusion of pH and BOD as predictive modelling inputs has the least impact on the prediction of WQI. SVM11-WQI, which eliminates pH and BOD from the predictive model, had the highest prediction accuracy across all five sets of possible combinations.
3.2.4 Fourth scenario: Input data with three parameters
In the fourth scenario, there were a total of three fewer inputs than in the previous scenario. This scenario is based on the best model SVM11-WQI from the third scenario which omitted the parameter of BOD, and pH, and with another parameter. Four potential combinations were analyzed using predictive modelling, and the findings are displayed in Table 10. With only three parameters, all models can predict WQI with a small prediction error (MAE) and strong statistical indicators of r > 0.80, NSE >0.60, and WI > 0.89 for all stations which are still in a good range of acceptable models to predict WQI. SVM14-WQI shows the best prediction accuracy with the combinations of DO, COD, and AN whilst those in SVM16-WQI are COD, SS and AN give the lowest accuracy. The fourth scenario showed that there is a weak relationship between SS and WQI prediction.
3.2.5 Fifth scenario: Input data with two parameters
In the fifth scenario, the input number has been further minimized to two variables. This scenario is based on the best model SVM14-WQI which excluded parameters of BOD, pH, and SS and with one more parameter. There are three different combinations were considered. Surprisingly, by using only two parameters to predict WQI, the results in Table 11 show that all models are still able to achieve outstanding prediction accuracy with low MAE and r > 0.75, NSE >0.56 and WI > 0.84 for all stations which are still in a range of satisfactory model to predict WQI. SVM17-WQI shows the best prediction accuracy with the combinations of DO and COD only whilst those in SVM18 are DO and AN give the lowest accuracy. The fifth scenario revealed that the association between AN and WQI prediction is the weakest. Again, in this instance, it is discovered that eliminating AN from the model reduces the model’s inaccuracy.
3.2.6 Sixth scenario: Input data with one parameter
Based on the best model in the fifth scenario, SVM17-WQI, just one parameter has to be evaluated for the sixth scenario, either DO or COD, which are SVM20-WQI and SVM21-WQI, respectively. Both DO and COD are chemical water quality indicators. According to all the statistical performance in Table 12, SVM20-WQI with low MAE, r > 0.53, NSE >0.56, and WI > 0.84 for all stations, which is still within the acceptable range for models to predict WQI, parameter DO is more accurate and gives a more acceptable value for predicting WQI than parameter COD. COD alone cannot provide sufficient precision for all stations to predict WQI. The sixth scenario demonstrated that DO concentration has a substantial effect on WQI prediction. This is not unexpected given that the vast majority of previously examined scenarios indicate that when DO is eliminated from the model, the model’s error will be large, and its accuracy will deteriorate. The significant DO parameter in WQI prediction can reveal information on the consequences of activities such as agricultural non-point sources and nearby animal farms along the river, as well as land development, on surface water quality.
3.3 Graphical performance comparisons of SVM modeling scenarios
In summary, the overall predictive performance of the best model from each scenario is visualized using scatter plots, boxplots, Taylor diagrams, and Violin plots. Scatter plots graphically illustrate the agreement between observed and predicted values, while boxplots show the performance indicators of the models. Taylor diagrams combine the root mean square error (RMSE), correlation coefficient (r), and standard deviation to visually identify the most accurate predictive model. Finally, Violin plots show the probability density function of the prediction results.
The most efficient method had the highest r and the lowest RMSE and MAE (Moriasi et al., 2015; Rodríguez et al., 2021). Consequently, the most accurate model for each scenario was selected and validated using the NSE, WI, and PBIAS formulas. The leading model for each scenario is shown in Tables 7, 8, 9, 10, 11, 12; the values derived by the performance evaluators and the corresponding score are shown in Table 3. In the NSE assessment, the minimum level of prediction performance is generally considered satisfactory, and the highest accuracy provided the best estimate with "very good" performance for all stations. The validation of the prediction model was exceptional and provided "very good" results for both the WI and PBIAS assessments.
Figure 5 shows a boxplot representation of the performance of the best models from all scenarios (r, NSE, WI, and PBIAS). There is a strong positive relationship between the predicted WQI and the combination of input parameters, with 0.99< r <0.70. While, NSE > 0.5 identifies 100% of the predicted WQI as "satisfactory" to "very good" and all predicted data having a positive NSE, indicating that the model outperformed the mean function used as an indicator for all predictions. The results of the validation were remarkable. In terms of the WI -score and the PBIAS scores, 100% of the predicted data are classified as "good’.
[image: Figure 5]FIGURE 5 | Boxplots for (A) the training phase and (B) the testing phase.
In addition, the models in the testing phase are also evaluated using Taylor diagrams (see Figure 6). As mentioned earlier, in a Taylor diagrams, r, standard deviation, and RSME are plotted, and the point corresponding to the model with the best predictive performance has the smallest distance from the “observed” point. Again, the Taylor diagrams show that in the test phase, the SVM1 and SVM3 models are characterized by the best predictive performance. Fortunately, the other fitted models are in the same reliable range as the predictive WQI model.
[image: Figure 6]FIGURE 6 | Normalized Taylor diagrams for (A) training phase and (B) testing phase.
Finally, Figure 7 compares the observed and predicted dispersion of WQI values in Violin plot diagrams and shows the probability density function with different quartiles (quartile-25%, quartile-50%, quartile-75%). The performance of the six best predictive models from each scenario is very similar, with the mean predicted and observed values not too far apart, indicating the same status of the WQI. According to the guidelines of DOE, a river with WQI values of 60–80 is considered slightly polluted (Department of Environment Malaysia, 2017). Moreover, the class of WQI predicted in each scenario in the Class III is the same as the observed class based on the INWQS. This confirms what has already been found with other means of visualizing predictive performance. All the best models have promising overall performance. The probability density function shapes further confirm this.
[image: Figure 7]FIGURE 7 | Violin plot of observed and predicted WQI values for (A) training phase and (B) testing phase.
4 CONCLUSION
Predicting the quality of water is crucial for pollution monitoring and compliance with water resource environmental standards. The complexity and variety of water quality throughout a watershed necessitate a reliable and adaptable WQI model to reduce the impact of nonlinearity and improve prediction performance. To predict WQI in the Langat River basin, a data-driven model with an SVM-based Nu-RBF algorithm with 10-fold cross-validation was employed in this work. Combining various input parameters resulted in the development of a six-scenario sensitivity analysis. The performance of twenty-one different models was compared. According to Bui et al. (2020), no model consistently performs better in every scenario. All models should be analyzed to discover which model performs optimally in which circumstances. Aside from the structure of a model, choosing the optimal combination of input variables is one of the most influential factors that affect performance. The following are the most significant conclusions of the study:
• The first scenario showed that the SVM model can easily imitate natural behavior and learn its nonlinearity by avoiding the calculation of sub-indices and instead using the raw physical values of parameters. It can do this while still getting a high WQI score.
• As a result of the second scenario, the statistical evaluator demonstrates the SVM model’s capacity to predict the WQI even without the original six parameters, with a high degree of accuracy (r, NSE, and WI criteria), all of which are greater than 0.9. The modelling process also revealed that the DO parameter is the most influential factor in determining WQI. It was subsequently followed by BOD and COD. The pH value is the least important determinant of WQI. A notable finding is that excluding DO from the model reduces overall WQI performance.
• In the third through fifth scenarios, it was discovered that applying various variable reduction combinations resulted in varying degrees of model performance and that the impacts of modifying the inputs on the models for this research area had inconsistent and divergent effects on modelling in other catchments, even when employing the same variable combinations. The models indicated that the variables with the greatest r > 0.8 and NSE >0.75 provide the most accurate predictions. The combination of factors with extremely low r and NSE has a detrimental effect on predictive ability.
• The proposed model SVM-based Nu-RBF algorithm is a dependable and economical way to improve surface water quality management. It is successful at predicting WQI by reducing the number of input variables with high accuracy. This model is likely to be much more beneficial in developing countries, where measuring some water quality parameters is expensive or may not be possible at all.
• This model has the potential to be implemented on other rivers with similar water quality and land use trends to enhance monitoring and environmental management.
• In the end, the model will greatly improve and expedite data-driven decision-making by making data more accessible and attainable without human interaction.
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