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Abstract: A common difficulty in building prediction models with real-world environmental datasets is the skewed distribution of classes. There are significantly more samples for day-to-day classes, while rare events such as polluted classes are uncommon. Consequently, the limited availability of minority outcomes lowers the classifier’s overall reliability. This study assesses the capability of machine learning (ML) algorithms in tackling imbalanced water quality data based on the metrics of precision, recall, and F1 score. It intends to balance the misled accuracy towards the majority of data. Hence, 10 ML algorithms of its performance are compared. The classifiers included are AdaBoost, Support Vector Machine, Linear Discriminant Analysis, k-Nearest Neighbors, Naïve Bayes, Decision Trees, Random Forest, Extra Trees, Bagging, and the Multilayer Perceptron. This study also uses the Easy Ensemble Classifier, Balanced Bagging, and RUSBoost algorithm to evaluate multi-class imbalanced learning methods. The comparison results revealed that a high-accuracy machine learning model is not always good in recall and sensitivity. This paper’s stacked ensemble deep learning (SE-DL) generalization model effectively classifies the water quality index (WQI) based on 23 input variables. The proposed algorithm achieved a remarkable average of 95.69%, 94.96%, 92.92%, and 93.88% for accuracy, precision, recall, and F1 score, respectively. In addition, the proposed model is compared against two state-of-the-art classifiers, the XGBoost (eXtreme Gradient Boosting) and Light Gradient Boosting Machine, where performance metrics of balanced accuracy and g-mean are included. The experimental setup concluded XGBoost with a higher balanced accuracy and G-mean. However, the SE-DL model has a better and more balanced performance in the F1 score. The SE-DL model aligns with the goal of this study to ensure the balance between accuracy and completeness for each water quality class. The proposed algorithm is also capable of higher efficiency at a lower computational time against using the standard Synthetic Minority Oversampling Technique (SMOTE) approach to imbalanced datasets.
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1  Introduction

Water covers 71% of the Earth’s surface; however, only 3.5% of the freshwater supply is readily available, and almost 3% is inaccessible to humans. By 2025, 40% of the world population is expected to face a freshwater crisis [1]. One of the numerous factors contributing to the rising demand for freshwater supplies is the rapid growth of the population and the ongoing expansion of the economy.

Moreover, increasing pollution reduces the availability of fresh water even further. Lakes and rivers saturated with improperly treated municipal wastes and harmful chemicals could leach into the water aquifer, further reducing surface and groundwater quality [2,3]. Hence, real-time monitoring of water quality is essential to detect any possible influx of pollution. Due to the complexity of pollutants and their agents, manual detection can no longer cope with pollution influxes. On this matter, intelligent computational methods are likely to be applied, and results so far, based on broader types of applications, showed it to be promising and trustworthy.

Nowadays, scientists and researchers use machine learning (ML) and Deep learning (DL) models in several applications, including agriculture [4,5], environment [6], text sentiment analyses [7], medicine [8], and in cyber security [9]. Artificial intelligence applications to surface water quality forecasting have been ongoing since machine learning emerged [10–12]. However, traditional machine learning techniques face many limitations, especially the restriction for deep application on water quality monitoring stations due to anomaly-imbalanced data. An imbalanced dataset often comes from rare events with unpredictable behavior. Rare events are commonly referred to as events that occur less frequently, for instance, natural disasters [13], fraud transactions [14], disease diagnosis [15], and also pollution [16].

Environmental deterioration is often considered a challenge for ML training due to the low probability of the event. For example, in China in 2020, the proportions of good and polluted surface water quality were 83.4% and 17.6%, respectively. In addition, the average number of good and bad air quality is also imbalanced at 87.0% and 13.0%, respectively [17]. Thus, with such a skewed distribution of data, training of models is likely to produce an existing bias towards the majority class. Furthermore, during classification, the algorithm considers the number of observations in each group similar, neglecting the importance of minority categories. Classifiers perform poorly in highly skewed data because of insufficient classification rules for minority samples; typically, the classifiers tend to consider these minority samples as noise [18].

Detecting rare events is a typical motivation for researchers to prevent any crisis or calamity, as the consequence of misclassification is dire. Misclassifying water structures could also bring false information to the public about water usage, then causing undesirable outbreaks. Algorithm-level methods such as cost-sensitive learning or outlier filter methods successfully improve system reliability [19]. Nevertheless, it is found that outlier detection learning or resampling algorithm models may need to be more practical due to high computational time and minor improvement of output performance [20,21]. Furthermore, unusual behaviors of the outliers complicate the process of discovering correlations between features, therefore unideal for real-time applications [22]. On this matter, there are opportunities for boosting algorithms to perform very well on multi-class imbalanced datasets. The CatBoost and LogitBoost algorithms, as suggested by Tanha, et al. [23], obtained superior results in the experimental setup.

Approaches at the data level have been developed in the literature to better cope with imbalanced datasets, predominantly oversampling and under-sampling techniques [24–26]. Nevertheless, the cons of oversampling often result in overfitting issues due to its vulnerability to small disjuncts and overlapping [27]. On the other hand, under-sampling tends to cause a loss of information during the random elimination of the majority of samples [18]. The most popular approach, named Synthetic Minority Oversampling Technique (SMOTE), provides the balance to both sampling techniques [28]. Although SMOTE applies both oversampling and under-sampling techniques, it oversamples the minority class by creating synthetic samples rather than duplicating the samples, restricting data redundancy. Another advantage of SMOTE is that it reduces the chances of losing informative instances. Synthetic samples are generated along the line segments joining k minority class samples based on interpolation [29]. The variants of SMOTE are observed to be more robust in dealing with noisy samples and sparse datasets [30,31]. Accordingly, hybrid methods of SMOTE also show superiority and computational efficiency [32–34].

The practical use of SMOTE-applied datasets is efficient in coping with imbalanced data. However, more state-of-the-art approaches, such as deep learning, can be investigated for a steadier classifier performance [10–12]. Moreover, the emerging use of ensemble models is proven to be more robust than traditional learning models [35–38]. Ensemble machine learning algorithms could leverage the imbalances present in models for diabetes prediction presented by Kumar, et al. [39]. However, the capabilities of deep learning models and ensemble methods on environmental prediction models, specifically water quality classification models have yet to be explored. To the authors’ knowledge, SMOTE paired with ensemble learning has not been applied to imbalanced data for water quality prediction purposes to date. Therefore, this paper aims to propose using deep learning and ensemble approaches to improve water quality classification.

In addition to understanding the processes of hydrological variables, reviewing the assessment of water quality in Malaysia, the variables adopted were limited to 6 inputs that are dissolved oxygen (DO), biochemical oxygen demand (BOD), chemical oxygen demand (COD), ammoniacal nitrogen (NH3N), suspended solids (SS) and pH. The water quality index (WQI) formulation does not contain microbiological indicators, specifically E. coli or toxic elements traits like heavy metals and pesticides. There are 23 water quality parameters made available by the Department of Environment (DOE) in Malaysia; however, only six were used to represent general water quality. Therefore, collecting all 23 data variables is included in this study to understand the influence of these water quality parameters on water quality model training. Contamination of water sources should be treated seriously; a broad aspect of water quality monitored is essential to prevent the onset of a waterborne disease outbreak.

Overall, the contribution of this study is twofold. First, the performance of several traditional machine learning classifiers is tested on the imbalance in water quality data. Second, the stacked ensemble deep learning approach and the SMOTE approach are applied to cope with the skewed data more effectively.

2  Materials and Method

2.1 Dataset Description and Pre-Processing

2.1.1 Dataset

The water quality data is obtained from the Department of Environment (DOE) for the Klang and Langat Rivers in Selangor for 94 monitoring stations between 2014 and 2019. There are a total of 5818 samples collected for 23 water quality variables categorized into (i) chemical parameters consisting of dissolved oxygen (DO), biochemical oxygen demand (BOD), chemical oxygen demand (COD), ammoniacal nitrogen (NH3N), pH, nitrate (NO3), chloride (Cl), phosphate (PO4) (ii) physical parameters that include suspended solids (SS), conductivity (COND), salinity (SAL), turbidity (TUR), dissolved solids (DS) (iii) biological parameters, for instance, E. coli, and total coliform (iv) metals parameters where Arsenic (As), Chromium (Cr), Zinc (Zn), Calcium (Ca), Iron (Fe), Potassium (K), Magnesium (Mg), Sodium (Na) are measured.

Pre-processing of the data is carried out to improve data quality. First, the whole row is removed if more than three missing values are present in one observation row. Next, the imputation of missing values by linear regression is carried out for observations with less than two nulls. At the end of this process, there are a total of 5800 samples of data for training and testing. Finally, normalization is applied to the data with a mean of zero and a variance of one, as the data does not fit into a Gaussian distribution.

2.1.2 Water Quality Index (WQI)

The WQI is calculated by aggregating the subindex values of the input parameters based on Eq. (1) [40] below.

WQI=0.22 SIDO+0.91 SIBOD+0.16 SISS+0.15 SIAN+0.12SIpH (1)

SI denotes the subindex of the input parameters estimated according to Table 1. After adding these sub-indexed values based on Eq. (1), the WQI is then categorized into five classes shown in Table 2, with its uses listed in Table 3.
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According to Fig. 1 above, the violin plot describes the distribution of the output data where the curved surface areas represent the density of the Class, the higher the peak, the higher probability; therefore, Class III is the dominant Class, while Class V and Class I are the minority Class. The box plot shows the dataset’s median value in Class III.
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Figure 1: Violin plot of output classes

Based on Table 4, there is a significant variance between Class III and Class V, Class III is the daily state of the rivers, while Class V is when heavy pollution has occurred, known as a rare event. The model is exposed to less than 0.19% of training data to identify Class V. From the proportions of Class I, it is deduced that the availability of clean and healthy rivers has gotten scarce and is in decline, while Class II occupies the second-largest fraction of data. Based on the observed data, the river water quality of the Klang and Langat Rivers is still under control, although the most common state of the river exhibits semi-polluted characteristics. Therefore, it is of priority to be able to recognize badly polluted water samples as misclassification of Class V results in human health and ecological risks.
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2.2 Stacked Ensemble Deep Learning Generalization

The stacked ensemble methodology improves the model generalization capability [41] as identified by robust prediction performance by researchers [38]. The working concept of stacking is to combine two or more models at level 0, of which a group of predictions is generated that will then act as the input of a meta-learner at level 1 (Fig. 2). At level 0, the input data is fed into several heterogeneous weak learners (sub-models), and the stacking model learns them in parallel. The model maps the ambiguous features between input data as a form of feature extraction. The outputs generated by each sub-model are concatenated as stacked features which will serve as the inputs for level 1. In this second stage, the meta-learner model learns to correct the predictions using the input weak learner’s predictions and the target being the ground truth values. A short script of the pseudocode is presented in Fig. 3. It is summarized that a stacked ensemble obtains a better predictor through several base learners rather than selecting the best predictor.
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Figure 2: Stacked ensemble deep learning concept
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Figure 3: Pseudocode of the stacked ensemble generalization model

In this study, 23 input variables are inputs to the level 1 sub-models. The model has a single hidden layer with 16 nodes and a rectified linear activation function. The outputs of each sub-model are concatenated and linked to five nodes as the output layer using the softmax activation function, resulting in a single 25-element vector. Because the problem is multi-class, categorical cross entropy is applied as the loss function, and the Adam optimization algorithm is used to optimize the model. It is possible to expand the number of single sub-models at the expense of computational cost. The developed stacked ensemble model is illustrated in Fig. 4 below.
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Figure 4: The stacked ensemble deep learning model applied with Keras

2.3 State-of-the-Art (SOTA) Classifiers

SOTA classifiers are machine learning models considered state-of-the-art (SOTA) in their performance on benchmark datasets. These models typically achieve high accuracy, precision, recall, and other performance metrics and are often used as baselines for comparison with other models.

Two examples of SOTA classifiers are XGBoost (eXtreme Gradient Boosting) [42] and Light GBM (Light Gradient Boosting Machine) [43]. Both are gradient-boosting frameworks that use decision trees as base learners. They are particularly effective for handling tabular data and have been used successfully in many real-world applications, including online advertising, credit risk analysis, and fraud detection.

The working formula for XGBoost involves iteratively adding decision trees to the ensemble, with each tree attempting to correct the mistakes of the previous trees. By combining the outputs of many weak learners (i.e., decision trees) in this way, XGBoost can produce a strong learner that can make accurate predictions on new data. In addition, XGBoost has built-in regularization to prevent overfitting, including L1 and L2 regularization and early stopping.

Light GBM employs a technique called ‘gradient-based one-side sampling’ (GOSS), which reduces the number of samples used to calculate the gradients during training by focusing on the samples with the largest gradients. This technique helps to reduce overfitting and speed up training. The Light GBM algorithm uses the histogram-based algorithm for calculating the gains, which is much faster and more memory-efficient than the traditional approach of calculating the exact gains for each split.

Overall, XGBoost and Light GBM are considered to be among the most effective and widely used machine learning models for classification and regression tasks, particularly in the context of tabular data. They have been shown to outperform many other models on a wide range of benchmark datasets, making them an essential tool for data scientists and machine learning practitioners.

2.4 Synthetic Minority Oversampling Technique (SMOTE)

In general, to overcome the issue of imbalanced data, the generation of more training data in the minority class will result in higher performance during machine learning. The SMOTE approach oversamples the data points of minority classes along the line of each point to their k nearest neighbors (as shown in Fig. 5). Thus, it creates more extensive and less specific decision regions of the minority samples [44].
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Figure 5: Interpolation of synthetic samples in SMOTE

The SMOTE algorithm generates synthetic random samples by first taking the difference between the feature sample and its nearest neighbor, which is then multiplied by a random number between 0 and 1 before adding the multiplied difference to the feature sample. The SMOTE process creates a selection of random points between two feature samples. The SMOTE approach effectively generalizes the boundary of decisions for the minority class. An example of the algorithm is shown in Fig. 6.
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Figure 6: SMOTE pseudocode example [29]

2.5 Performance Metrics

In this study, six performance metrics are evaluated during the training of classifiers, that are: accuracy, precision, recall, F1 score, balanced accuracy, and geometric mean (G-mean). The confusion matrix is calculated to reveal information between the actual and predicted values of the classification models. Based on the output generated, the results are presented in terms of TP, true positives; TN, true negatives; FP, false positives and FN, false negatives. The measure of accuracy is shown in Eq. (2) by taking the total number of true positives and true negatives and dividing it against the total number of the testing data, N.

Accuracy=TP+TNN×100%(2)

The effectiveness of the classification systems is also measured based on their precision, recall, and F1 score. Precision shows the ratio of true positive predictions to the total number of predicted positives. Recall or sensitivity is the ratio between correct predictions and the total number of observations. F1 score is a score balance between precision and recall, whereby a scoring closer to one has the best model performance.

Precision=TPTP+FP(3)

Recall=TPTP+FN(4)

F1 score=2×Precision×RecallPrecision+Recall(5)

Balanced accuracy is calculated as the average of the sensitivity (true positive rate) and specificity (true negative rate) for each class.

Balanced accuracy=Sensitivity+Specificity2(6)

G-mean is defined as each class’s geometric mean of sensitivity and specificity. It is denoted as the square root of the product of sensitivity and specificity.

G−mean=Recall×Specificity(7)

Both balanced accuracy and g-mean are useful metrics for evaluating the performance of classification models on imbalanced datasets. They provide a more balanced view of model performance by considering its performance across all classes in the dataset rather than just focusing on the model’s overall accuracy.

3  Results and Discussion

3.1 Stacked Ensemble Deep Learning Classifier Analysis

The dataset is split into a 70/30 ratio, where 70% of the data is used for training, and 30% is applied for testing. The stacked ensemble deep learning (SE-DL) model in this study comprises a stack of five individual sub-models applied in the first level of the algorithm, which is later fed into the meta-learner. The Google CoLab virtual machine platform is utilized in this study for deep learning training and analysis due to its availability of graphics processing units (GPUs) and Tensor processing units (TPUs) computing resources.

The performance of the SE-DL model is presented in the normalized confusion matrix shown in Fig. 7 as an overview of the frequency between accurate and inaccurate predictions. Based on the diagonal row of values closer to 1 in the figure, it is concluded that the SE-DL model performs reliably in imbalanced water quality index classification.
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Figure 7: Confusion matrix of the stacked ensemble deep learning model

3.1.1 Performance Evaluation of Classifiers

Fig. 8 illustrates the performance metrics calculated using confusion matrices for ten machine learning classifiers, three multi-class imbalanced learning methods, and the proposed stacked ensemble deep learning (DL) model trained based on 23 attributes suited for water quality prediction of the study site. The ten classifiers tested consist of the AdaBoost (ADA), Support Vector Machine (SVM), Linear Discriminant Analysis (LDA), k-Nearest Neighbors (kNN), Naïve Bayes (NB), Decision Trees (DT), Random Forest (RF), Extra Trees (ET), Bagging (BAG) and the Multilayer Perceptron (MLP) classifiers, while the three imbalanced learning methods tested are the balanced bagging (BBAG) classifier, Easy Ensemble Classifier (EEC), and the RUSBoost classifier. The RUSBoost algorithm combines RUS (random under-sampling) and the AdaBoost procedure. These classifiers have been adopted in previous literature for water quality classification; therefore, they are used in this study as benchmarks of comparison to the proposed stacked ensemble model.
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Figure 8: Performance evaluation of classifiers

The accuracy of each classifier is validated for five runs, with its average accuracy and standard deviation tabulated in Table 5. The 14 models tested are trained on data that has not been pre-processed with SMOTE; to retain the imbalanced data in the system for analysis purposes.
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According to the estimates in Table 5, other than the Naïve Bayes classifier, all models return a satisfying accuracy. However, regarding the classifier’s sensitivity and specificity from Fig. 8, most models are underperforming in identifying the minority classes of I and V. This is because the model is well-trained to identify the most frequent observations but not for the rare events. The uncommon samples were regarded as noises to the traditional machine learning classifiers.

All three multi-class imbalanced learning methods do not perform very well. Among all ML classifiers, the ET model is the best in precision, whereas, in overall precision, recall, and accuracy, the Bagging classifier performed the best, followed by the MLP model. However, in this study, the SE-DL model generates the best performance in all four-performance metrics. It can balance the prediction for all five classes well. It is confirmed that the proposed learning algorithm surpasses the traditional machine learning approaches.

3.1.2 Performance Evaluation with SOTA Classifiers

This section compares the performance of the SE-DL model with SOTA classifiers. The two SOTA classifiers applied are the XGBoost and Light GBM algorithms. When comparing the performance of different models, especially when there is imbalanced data, metrics such as balanced accuracy and g-mean can provide a different perspective on the model’s performance. In this case, the SE-DL model has the best accuracy, but the XGBoost classifier has the higher balanced accuracy and g-mean. However, the water quality problem and the trade-offs between precision and recall are also worth considering. Table 6 compares the accuracy, balanced accuracy and g-mean between the SE-DL model with SOTA classifiers. Each classifier is validated for five runs, the performance metrics are tabulated in terms of its average accuracy and standard deviation.
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Fig. 9 shows the stacked bar plot of precision, recall, and F1 score between the stacked ensemble DL model, XGBoost (denoted as XGB), and Light GBM (denoted as LGBM) model. It is concluded that the SE-DL model returns better overall precision, recall, and F1 score. When dealing with imbalanced water quality datasets with classes 1–5, where Class 1 represents the best water quality and Class 5 represents the worst water quality, the macro average of precision, recall, and F1 score are important metrics in water quality because they provide a measure of the accuracy and completeness of the model’s predictions for each class, and provide a measure of the overall performance of the model across all classes.
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Figure 9: Performance evaluation of SOTA classifiers

Considering all the metrics, while the XGBoost model has the best-balanced accuracy and g-mean, the SE-DL model has higher accuracy, precision, recall, and F1 score. By balancing the precision and recall across all classes, the SE-DL model is the better choice due to its higher F1 score. The F1 score measures the balance between accuracy and completeness for each water quality class.

In water quality, accurate predictions of the water quality class are important for ensuring that the water is safe for drinking, irrigation, or recreational use. While a high precision indicates that the model accurately predicts the correct class for a sample, recall measures the proportion of actual positive samples that are correctly predicted as positive. Both are important metrics to ensure badly polluted samples are not misclassified as slightly polluted.

By using precision, recall, and F1 score to evaluate the model’s performance, it is possible to identify areas where the model is performing well and areas where it needs improvement. It is crucial for water quality experts to make informed decisions about how to manage and protect water resources and ensure that the water is safe for use.

3.1.3 Comparison of the SE-DL Model with or Without SMOTE

SMOTE resampling often improves the model’s reliability in identifying minority classes; it is hypothesized that the system’s accuracy would improve, as well as the precision and recall rate of minority classes, when SMOTE is utilized. The hypothesis is tested in this study for deep learning in a comparative analysis of the proposed stacked ensemble model trained with and without the SMOTE algorithm. First, the SMOTE instance is defined with default parameters. Next, two models are built; Model DL-A represents the model trained under the basic training dataset, while Model DL-B provides the model’s performance that has undergone SMOTE. Finally, both models are tested on the same testing dataset to ensure constancy. The data records per class before and after SMOTE for Model DL-B are shown in Table 7.
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Notably, Model DL-B occupied a longer iteration time to manage its larger sample size resulting from the oversampling of the dataset performed by SMOTE shown in Table 7. Therefore, there are 11,840 rows for training Model DL-B, whereas Model DL-A only has 4060 trainable data. Subsequently, the computational time of Model DL-B is three times more than Model DL-A.

According to Table 8, both deep learning models have performed outstandingly in accuracy, precision, recall, and F1 score. An approximate 0.5% improvement is observed when the deep learning model is tested in Model DL-B, as the accuracy increased from 95.69% in Model DL-A to 96.08%. Comparing the F1 score of each water quality class suggests that both models’ handling abilities on imbalanced data are equally effective and consistently high.
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Despite having better prediction performance, the slight increase in performance in Model DL-B is impractical as it requires higher processing power, space, and time to handle the imbalanced dataset. If a larger dataset were to be applied, the model might be unable to converge and thus not adapted for future real-time water monitoring practices. A shorter learning time yet equally accurate prediction of the Model DL-A is sufficient for the application. Thus, the stacked ensemble deep learning model without any SMOTE resampling algorithms (Model DL-A) is effective and preferable for water-quality deep learning analysis.

Furthermore, the setback from learning algorithms involving SMOTE is the increased complexity. It is expected that minority Classes I and V would improve in sensitivity; however, the F1 score of Class I was lower after training with SMOTE in Table 8. The tendency of SMOTE learning models to pose boundary issues is relatively high, which introduces more noise to the system.

Moreover, it is also identified that the sub-individual models in level 0 performed differently, although both models produced similar results after the concatenation phase in level 1. Figs. 10 and 11 below present the learning curves of the sub-individual models in Model DL-A and Model DL-B, respectively. Model DL-A (Fig. 10) showed better stability and less deviation between the training and testing dataset in terms of loss and accuracy. On the other hand, Model DL-B in Fig. 11 demonstrated lower accuracy and a higher loss in the testing dataset, which means the model is underfitting in the training stage, unable to capture the underlying relationship of the dataset with SMOTE.
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Figure 10: The learning curves for (a) accuracy and (b) loss of sub-models in Model DL-A
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Figure 11: The learning curves for (a) accuracy and (b) loss of sub-models in Model DL-B

3.2 Sensitivity Analysis

In classifier optimization, feature selection continues to pose a challenge for research. Extensive methods and time complexity could trade in with increased model sensitivity. This section concludes the results of the stacked ensemble deep learning algorithm in this section by tabulating the importance of each predictor to the deep learning model in Table 9 below. Sensitivity analysis provides the statistical rankings of each input parameter to generate insights regarding the influence of each predictor.
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Based on Table 9, pH is low in the ranking, although it is among the index formulation’s six standard water quality (WQ) parameters. Although conductivity is not involved in the water quality index formulation, it possesses more significant influence at ranking four among the 23 predictors. This is because conductivity represents many dependent variables for WQI justified by the number of dissolved salts and organic compounds [45]. When electrical conductivity is high, more impurities are present in water bodies, indirectly influencing the biological levels measured in WQI. These impurities contain ions such as chloride, phosphate, and nitrate from sewage runoff and agricultural waste. The accumulation of these contaminations could deteriorate water quality. For example, concentrated chloride levels could corrode iron pipes [46], while excessive nitrate and phosphate trigger the growth of algae blooms, eventually causing oxygen depletion or ecosystem disruption, known as eutrophication [47,48]. These processes often accumulate in their effects until the dissolved oxygen indicator reflects the unhealthy water system. Furthermore, the microbiological aspects of a river should not be neglected to prevent the occurrence of a waterborne outbreak. Therefore, the inclusion of E. coli sorted to the 11th position of sensitivity towards the deep learning model should be considered in future water quality evaluation systems.

Sensitivity analysis provides insights for feature optimization. When feature optimization was implemented, it involved selecting the most informative features for the prediction model while discarding irrelevant or redundant ones. This helps to improve the accuracy and interpretability of the developed model; by optimizing the input features, water quality prediction models can be made more robust and effective, as they focus on the most critical parameters likely to have the greatest impact on water quality.

3.3 Discussion

This section discusses the findings of this research with other studies in Table 10. Typical applications of ML models include artificial neural network (ANN) through back propagation neural networks (BPNN) and radial basis function neural network (RBFNN) [49], and SVM models [50], in which both studies have proven equally effective for streamlining the computation process of WQI in Langat and Klang River, Malaysia. However, the ANN models are susceptible to overfitting and local minima problems [51], whereas SVMs are complex to build for linearly inseparable classes. Such shortcomings, on the other hand, could be overcome with hybrid optimization and generalization techniques, as demonstrated in this study with the stacked ensemble generalization model. The gradient boosting (GB) method shown by Malek et al. [52] generated a high performance at low classification error. However, Malek, et al. [52] only addressed the imbalanced issue by introducing the metric of balanced accuracy, in contrast to the novelty of this work, where the imbalanced issue is resolved at the algorithm level through stacking.
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Chen et al. [53] enhanced SMOTE with data cleaning techniques, such as the Tomek links technique (TLTE) or the edited nearest neighbor technique (ENNTE). The study tested 16 different learning models, with the Deep Cascade Forest (DCF) model emerging as the best model. DCF is an emerging deep-learning model constructed by a cascade of random forests. The ability of DCF was proven outstanding, as it could treat data in multiple domains. Combining these sampling techniques would generate a far superior performance in increasing the F1 score. The contributions made from this study are aligned with the methods tested by Chen et al. [53] for imbalanced learning, using deep learning, ensemble, and sampling techniques.

The merit of the stacked ensemble deep learning model in this research is its ability to stand alone without being pre-processed with SMOTE during model training. However, this method poses limitations, such as overgeneralizing a specific water quality dataset. Therefore, a more extensive dataset is requested to train this model. Moreover, despite deep learning’s powerful learning ability, the lack of features may prevent the model from accurately representing the nature of the data. Therefore, the use of 23 inputs is recommended to encompass all aspects of water quality attributes.

This study concludes that deep learning models can handle significant model complexity, such as a dataset of imbalanced nature. It has multiple processing layers optimized for model parameters, neurons, and batch size, making it more efficient in managing massive data. Based on the performance of the stacked ensemble model, it is inferred that the deep learning model is highly competitive even without SMOTE processing of the input dataset. Ensemble models are often adapted to handle more features or larger sample sizes as the training of the ensemble model is disjoint to several embedded individual models designed for feature extraction and transformation to achieve reasonable accuracy [54]. Published work by Ali et al. [55] indicated that feature fusion based on ensemble deep learning improves the prediction of heart diseases. Appropriate addition of input features to the training process could improve the predictive ability of the system [56].

Future work on this can include feature optimization and the stacked ensemble model, which can help policymakers make more informed decisions and take more effective actions to protect and manage water resources. This can lead to better water quality outcomes, improved public health, and more sustainable use of our water resources.

4  Conclusion

The stacked ensemble deep learning (SE-DL) model presented in this study is reliable and robust in predicting an imbalanced water quality index (WQI). This method outperforms traditional machine learning algorithms or SMOTE techniques with reasonable accuracy within a short computation time. Although SMOTE generates better accuracy and performance, the training time with SMOTE was longer. The oversampling algorithm increases the quantity of data to be iterated, resulting in a slight improvement in the effectiveness of water quality prediction when SMOTE is applied; nevertheless, training time increases proportionally due to the increased amount of data to be iterated. To generate a fair value of precision and recall, there is a need for the SMOTE algorithm to be applied with machine learning. However, this work demonstrated a deep learning approach that does not require the implementation of SMOTE, to return a good accuracy of 95.69%. The necessity to balance the skewed distribution in the stacked ensemble deep learning model has been overcome by training the model on two tiers of learning models. The first tier extracts the characteristics of each input, with its output supplied to the second tier of a meta-learner as inputs. This stage eliminates the biases of the majority distribution while weight adjustments are assigned in the hidden layer tuned to the minority instances. It is also verified in this study that accuracy is not the best performance metric for model training in imbalanced data; as proven in this work, ML models high in accuracy may underperform in terms of precision and recall rate.

Moreover, this work thoroughly suggests using more input parameters to better represent water quality assessment. Although it is speculated that increasing the number of features in model training could generate confusion and noise in the system, the deep learning model was able to handle the amount of complexity, thus yielding good results. The interrelation present between water quality variables is one of the factors the deep learning model can discover patterns and relations between each feature. Despite the excellency learning capabilities of deep learning models, a lack of features may prevent the model from accurately representing the nature of the data. This assertion is substantiated by a sensitivity analysis determining the high dominance of dissolved oxygen and ammoniacal nitrogen in deep-learning water quality models.

This study was limited by the availability of data, which was obtained from a single source and only included a small number of minority classes. This could limit the generalizability of the results and make it difficult to evaluate the model as a whole. Moreover, this study did not perform an extensive hyperparameter tuning process, which could lead to the suboptimal performance of the model. As a result, the model may not be as accurate or robust as it could be, as the best set of parameters for the given dataset and problem is not identified.

Therefore, this research can be extended by training the model under a larger dataset with more significant skewed distributions, including catastrophic events from extreme weather, climate change, and human-caused pollution. The proposed stacked ensemble deep learning model is prone to overgeneralizing recent water quality events; exposing the model to a longer time frame improves its ability to anticipate these rare events. Notably, the type and number of variables considered in water quality representation should not be taken lightly, as the negligence of one factor could trigger a potential waterborne disease outbreak. This work acts as a step towards using deep learning stacked ensemble models in addressing challenges from imbalanced water quality data.

Concisely, improvements in water quality prediction can help policymakers manage water quality in several ways.

•   Firstly, more accurate and reliable water quality prediction models can help policymakers identify areas at high risk of contamination and the factors that contribute to water pollution. This can inform the development of targeted interventions, such as improved agricultural practices or implementing management practices for stormwater management.

•   Secondly, the ability of these models to detect and predict water quality issues can help policymakers to prioritize their resources and respond more efficiently to potential water quality problems. This can lead to more effective and timely interventions, such as issuing public advisories or implementing water quality monitoring programs.

•   Thirdly, by optimizing the input features and addressing the class imbalance, water quality prediction models can be more transparent and interpretable. This can improve policymakers’ understanding of water quality factors, allowing for more informed decision-making and policy development.
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Table 3: Water uses of each class [40]

Class Uses

Class I Conservation of the natural environment. Water Supply I-Practically no
treatment necessary. Fishery [-Susceptible aquatic species.

Class II Water Supply II-Conventional treatment. Fishery II-Sensitive aquatic
species. Recreational use of body contact.

Class III Water Supply III-Extensive treatment required. Fishery [II-Common, of
economic value and tolerant species; livestock drinking.

Class IV Irrigation.

Class V

None of the above.
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Table 8: Precision, recall, and F1 score comparison table between Model DL-A and DL-B

Class Precision Recall F1 score

DL-A DL-B DL-A DL-B DL-A DL-B
I 0.8924 +0.055 0.8542+0.071  0.7973+0.039  0.7744 £0.054  0.8420+0.045 0.8091 +0.017
I 0.9498 +0.003  0.9507 £0.005  0.9655+0.006 0.9671 £0.008 0.9577+0.003  0.9588 +0.004
11 0.9665+0.004 0.9723+£0.002 0.9697 £0.004 0.9726 +£0.001  0.9681+0.003  0.9724 +0.001
1AY 0.9395+0.014 0.9525+0.004 0.91354+0.026 0.9314+0.016 0.9261+0.014 0.9418 +0.010
\% 1.000 £ 0.00 1.000 +0.00 1.000 £ 0.00 1.000 £ 0.00 1.000 £ 0.00 1.000 £ 0.00
Macro average  0.9496 +0.011  0.9460 +£0.014  0.9292+0.010  0.9291 +0.009 0.9388+0.010  0.9364 +0.004
Weighted 0.9567 £0.004  0.9607 £0.002  0.9569 +£0.004 0.9608 +0.002  0.9566 +0.004  0.9606 +0.002
average

Remarks: Model DL-A: Model trained on raw training dataset (accuracy: 95.69% =+ 0.4)

Model DL-B: Model trained on SMOTE applied training dataset (accuracy: 96.08% =+ 0.2)
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Table 4: Percentage and number of observations for each output class
Class I 1T 111 v \Y

Number 154 1501 3333 801 11
Percentage  2.65% 25.88% 57.47% 13.81% 0.19%
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Table 9: Sensitivity analysis on 23 predictors of the deep learning model

Ranking Ratio (23 Predictors)

1 DO 2.762
2 NH,N 1762
3 SS 1.587
4 COND 1524
5 BOD 1.444
6 COD 1.206
7 Zn 1.127
8 SAL 1111
9 Mg 1.063
10 Na 1.048
1 E.coli 1048
12 DS 1.032
13 NO, 1.032
14 Fe 1.032
15 Cr 1.000
16 Cl 0.968
17 TC 0.952
18 PO, 0.937
19 As 0.937
20 K 0.937
21 pH 0.921
2 TUR 0.905

N
w
Q
o

0.873
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Table 7: Training data record per class before and after SMOTE

Class I II 111 v \Y% Total data Training time

Before SMOTE 113 1008 2368 564 7 4060 846.88 s
After SMOTE 2368 2368 2368 2368 2368 11,840 2520.165
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Table 1: The estimation of subindex values [40]

Parameter Estimation value  Subindex equation

DO (in% saturation) x <8 SIDO =0
8<x<92 SIDO = —0.395 + 0.030x> — 0.00020x"
x>92 SIDO = 100

BOD x<5 SIBOD = 100.4 — 4.23x
x>5 SIBOD = 108¢ "™ — 0.1x

COD x <20 SICOD = —1.33x +99.1
x> 20 SICOD = 103e7"™ — (0.04x

NH;N x <0.03 SIAN = 100.5 — 105x
03<x<4 SIAN = 94¢7 %7 — 5|x — 2|
x>4 SIAN =0

SS x <100 SISS = 97.5¢ "> 4+ 0.05x
100 < x < 1000 SISS = 71e "™ 4 0.015x
x > 1000 SISS =0

pH x <355 SIpH =17.2 — 17.2x + 5.02x*
55<x<7 SIpH = —242 + 95.5x — 6.67x*
7<x<38.75 SIpH = —181 4 82.4x — 6.05x?
x> 8.75 SIpH = 536 — 77.0x 4 2.76x*
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Table 6: The SE-DL model’s accuracy, balanced accuracy, and g-mean compared to SOTA classifiers

Model Accuracy Balanced accuracy G-Mean
XGBoost 0.9460 + 0.000 0.8600 £ 0.000 0.8550 £ 0.000
Light GBM  0.9546 4+ 0.000 0.7909 £ 0.000 0.7122 £ 0.000

SE-DL 0.9569 +0.004 0.8403 +0.029 0.8253+0.04
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Data point (6, 4) is considered as the feature sample.
Data point (4, 3) is the nearest neighbour identified.

Let:
X1=6,Y1=4,
X2=4,Y2=3,
Therefore:

X2-X1=-2,Y2-Y1=-1

The new samples generated are:
(X, Y’)=(6, 4) + RAND(0,1)*(-2,-1)
where RAND(0,1) generates a random number between 0 and 1
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Table 2: DOE water quality index classification [40]

Parameter Unit Class

| 11 111 v A"
NH;N mg/1 <0.1 0.1-0.3 0.3-0.9 0.9-2.7 >2.7
BOD mg/1 <1 1-3 3-6 6-12 >12
COD mg/1 <10 10-25 25-50 50-100 >100
DO mg/1 >7 5-7 3-5 1-3 <1
pH - >7 67 5-6 <5 >5
SS mg/1 <25 25-50 50-150 150-300 >300
WQI - <92.7 76.5-92.7 51.9-76.5 31.0-51.9 <31.0
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Table 10: A comparison study with other works

Reference // Location

Input // Output

Method // Performance
metrics

Findings

This study // Langat and
Klang River, Malaysia //
(2014-2019)

DO, BOD, COD, NH3N,
pH, NO3, Cl, POy, SS,
COND, SAL, TUR, DS,
E. coli, total coliform, As,
Cr, Zn, Ca, Fe, K, Mg,
Na // WQI

ADA, SVM, LDA, kNN,
NB, DT, RF, ET, BAG,
MLP, EEC, BBAG,
RUSBoost, SE-DL //
accuracy, precision, recall,
F1 score

This study highlighted the novelty of the
stacked ensemble deep learning model in
imbalanced learning. It performs
excellently even when no resampling
algorithms like SMOTE are used. The
prediction results of all performance
metrics achieved above 90% with 95.69%
accuracy.

[49] Langat River and
Klang River, Malaysia

DO, BOD, COD, NH3N,
SS, and pH // WQI

BPNN, RBFNN //
coefficient of determinant
(R?), root mean square
error (RMSE),
Nash-Sutcliffe efficiency
(NSE)

This study achieved the objective of
evaluating the predictive capability of
ANN models in the absence of BOD.
The RBFNN model performed well at
R2, RMSE, NSE =0.9872, 0.0157,
0.9871.

[52] Kelantan River,
Malaysia

DO, BOD, AN, pH, TSS,
COD, water temperature,
TUR, COND, SAL, N, P,
E. coli // WQI

DT, ANN, kNN, NB,
SVM, RF, GB // accuracy,
Classification error,
Precision, Specificity,
Sensitivity, F-measure,
Area under curve (AUC)

This research included physical,
chemical, and biological factors of WQI.
The Gradient Boosting (GB) ensemble
model exhibited the best learning rate of
0.1 and the best prediction performance
(94.90% accuracy). The study identified
total suspended solids (TSS) as the most
significant parameter for the GB model.

[53] German // Drinking
Water Data

pH, COND, TUR,
spectral absorption
coefficient (SAC), water
temperature

DCF, RF,

SMOTE +TLTE,
SMOTE + ENNTE, //
Precision recall, F1 score

This research demonstrated the
outstanding potential of DCF models on
imbalanced learning. Performance is
optimal when SMOTE + TLTE and
SMOTE-ENNTE techniques are applied
together with DCF, F1 score of

94.54 +2.51% and 94.68 £ 2.72%.
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Table 5: Accuracy of the SE-DL model with other classifiers

Model Accuracy Model Accuracy

NB 0.3460 + 0.000 DT 0.9014 £ 0.002
EEC 0.6225+0.176 kNN 0.9029 £ 0.000
RUSBoost  0.6523 £0.039 MLP 0.9142 +£0.005
BBAG 0.7471 £0.000 RF 0.9224 +0.002
ADA 0.7560 £ 0.000 ET 0.9229+0.002
SVM 0.8563 £ 0.000 BAG 0.9305+0.006
LDA 0.8575+0.000 SE-DL 0.9569 + 0.004
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Stacked Ensemble Deep Learning Generalization
Level-0 sub-models
Define function A for sub-model training:

Input: Training values X, Training target Y
Declare Sequential model
Initialize x nodes as input layer, add Hidden layer with n nodes, with ReLu activation function
Add Output layer of y nodes, with Softmax activation function
Compile model with categorical cross-entropy loss function, Adam optimizer, fit model to epoch k
Return trained-model

Create sub-directory to store the models
For i in range(N=number of sub-models)
Train N instances of trained-model with function A, save to directory with unique filename

Level-1 meta-learner
Define function B to load models from the directory
For i in range(N)
Load model from directory filename
Append models to new list of all-models

Define Stacked Model:
For i in range(N):
Make all layers not trainable, rename layers to avoid unique layer name
Use concatenate, merge outputs of from each model to define the multi-headed input
Add a hidden layer with n nodes within the meta-learner, with ReLu activation function
Add Output layer of y nodes, with Softmax activation function
Compile model with categorical cross-entropy loss function, Adam optimizer
Return stacked-model

Load and fit the stacked model
Test the new stacked model on new testing data





