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Almeida  

Keywords: 
Coastal water quality 
Feature selection algorithms 
Artificial intelligence 
Machine-learning techniques 
Water quality index model 

A B S T R A C T   

In order to keep the "good" status of coastal water quality, it is essential to monitor and assess frequently. The 
Water quality index (WQI) model is one of the most widely used techniques for the assessment of water quality. It 
consists of five components, with the indicator selection technique being one of the more crucial components. 
Several studies conducted recently have shown that the use of the existing techniques results in a significant 
amount of uncertainty being produced in the final assessment due to the inappropriate indicator selection. The 
present study carried out a comprehensive assessment of various features selection (FS) techniques for selecting 
crucial coastal water quality indicators in order to develop an efficient WQI model. This study aims to analyse the 
effects of eighteen different FS techniques, including (i) nine filter methods, (ii) two wrapper methods, and (iii) 
seven embedded methods for the comparison of model performance of the WQI. In total, fifteen combinations 
(subsets) of water quality indicators were constructed, and WQI values were calculated for each combination 
using the improvement methodology for coastal water quality. The WQI model’s performance was tested using 
nine machine-learning algorithms, which validated the model’s performance using various metrics. The results 
indicated that the tree-based random forest algorithm could be effective for selecting crucial water quality in-
dicators in terms of assessing coastal water. Deep neural network algorithm showed better performance for 
predicting coastal water quality more accurately incorporating the subset of the random forest.   

1. Introduction 

Assuring the "good" state of water quality (surface and groundwater) 
is a critical issue in the world because, due to various factors, including 
natural, anthropogenic, or a combination of both, the quality of water is 
degraded gradually. Coastal water quality is a vital component of 
conserving the aquatic ecosystem and its nature. Recently, numerous 
studies have revealed that the aquatic environment is being depleted 
day by day due to water pollution. For the purposes of the management 
of water resources, the water quality-monitoring program is a widely 
used approach. In order to monitor and assess water quality, a range of 
tools and techniques have been utilized in the literature. The WQI model 
is one of them. It is a widely used, straightforward mathematical model 
that allows the conversion of a wide range of water quality indicators’ 
information into a unitless numerical expression (Uddin et al., 2017, 
2022a; 2021). In recent decades, its application has been increasing 
rapidly in the field of water resources management and monitoring 

purposes. To date, more than thirty plus WQI models have been devel-
oped by various countries/organizations/researchers in the world. 
Commonly, most WQI models are composed of four consecutive com-
ponents, including the indicator selection process, indicator weighting 
process, sub-index functions, and aggregation function (Uddin et al., 
2022a, 2022b, 2022c, 2023a). Recently, many studies have revealed 
that existing WQI models produce considerable uncertainty when con-
verting large amounts of water quality indicator data into a numerical 
form (Abbasi and Abbasi, 2012; Gupta and Gupta, 2021; Juwana et al., 
2016a; Sutadian et al., 2016; Uddin et al., 2021, 2022a). 

In developing a WQI model, crucial water quality indicators are 
selected using various techniques such as principal components analysis 
(Chakravarty and Gupta, 2021; Fadel et al., 2021; Hou et al., 2016; Islam 
Khan et al., 2021; Kumar et al., 2019; X. Ma et al., 2020a; Parween et al., 
2022; Tripathi and Singal, 2019; Zeinalzadeh and Rezaei, 2017; Uddin 
et al., 2022a, 2022d), correlation technique (Michalak and Kwasnicka, 
2006), expert opinions (Medeiros et al., 2017; Sutadian et al., 2017a), 
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analytical hierarchy process (Juwana et al., 2016b; Sutadian et al., 
2017a, 2017b), Delphi technique (Horton, 1965), data availability 
(Sutadian et al., 2017a) etc. Recently, the existing techniques have 
received much more criticisms in terms of reliability and appropriate-
ness of selecting indicators. Recently, several studies have revealed that 
the existing indicator selection techniques contributed a significant 
amount of uncertainty in the final assessment due to inappropriate in-
dicators selection (Chen et al., 2020; Jiang et al., 2018; Pan et al., 2022; 
Uddin et al., 2021, 2022a, 2022e). Although, a few studies have reported 
that the indicators selection techniques produced less than 1% of un-
certainty in the results (Uddin et al., 2022c). Details of the model un-
certainties, their sources and impacts on the final assessment were 
discussed and investigated by Uddin et al. (2021, 2022a, 2022c). 

For the optimization of model uncertainty in developing a WQI 
model, many studies have utilized the state-of-the-art innovative tech-
niques such as artificial intelligence and machine learning algorithm 
approches (Bagherzadeh et al., 2021; Chen et al., 2020; Islam Khan 
et al., 2021; Naghibi et al., 2020; Othman et al., 2020; Uddin et al., 
2022a, 2022b, 2022d). Features selection (FS) algorithm is one of the 
effective and reliable techniques for identifying the crucial variables or 
components in a given dataset in data science (Asadollah et al., 2021; K. 
Chen et al., 2020; Othman et al., 2020; Savitsky et al., 2011). Although, 
many mathematical and statistical methods have been introduced in 
past decades for selecting crucial variables from a dataset (Kotsiantis, 
2011; Taha et al., 2022). Each FS method optimizes the key variables 
and evaluates the subset with certain criteria based on various functions 
that are responsible for identifying significant features for developing a 
model (Bagherzadeh et al., 2021). According to principle of the FS 
functions, it can be categorised into three groups: (i) wrapper method 
(like as supervised or unsupervised various algorithms) extract the 
relevant feature using model based algorithms that find the best subsets 
of features which improve the model prediction accuracy or optimize 
the model errors (Das et al., 2017; Taha et al., 2022); (ii) filter method 
(for example MI, Relief, correlation etc.) is a rank based FS strategy. This 
technique allows selecting relevant features using general properties of 
features (like as correlation information, variance and consistency) 
without employing any clustering algorithm to guide the search 
(Bagherzadeh et al., 2021; Cateni et al., 2014; Taha et al., 2022); and 
(iii) embedded technique is a combined approach of both the filter and 
wrapper methods (Bagherzadeh et al., 2021; Gao and Wu, 2020a; Saeys 
et al., 2007; Taha et al., 2022). 

Recently, many studies have utilized various FS techniques, such as 
filter (Gao and Wu, 2020b; Khan and See, 2016; Michalak and Kwas-
nicka, 2006), wrapper (Bagherzadeh et al., 2021; R. C. Chen et al., 
2020), and embedded (Asadollah et al., 2021; K. Chen et al., 2020; Islam 
Khan et al., 2021; Uddin et al., 2022b; Urbanowicz et al., 2018) for 
selecting the crucial indicators for evaluating water quality using the 
WQI model. The present study used eighteen FS algorithms, including (i) 
nine filter methods (Chi2 test, PCA, Pearson correlation (PCOR) anal-
ysis, mutual information (MI), relief, K Best (according to the K highest 
scores), F test, Laplacian (LAP), and 
minimum-redundancy-maximum-relevance (MRMR)), and (ii) two 
wrapper methods (recursive features elimination-support vector ma-
chine (RFE SVM) and recursive features elimination-random forest 
(RFE_RF), and (iii) seven embedded methods (extreme gradient boosting 
(XGBoost), random forest (RF), extra tree (ExT) algorithm, Boruta, 
linear regression (LR), Least Absolute Shrinkage and Selection Operator 
(LASSO) model, stepwise generalized linear regression model (SWGLM) 
to develop an efficient WQI model for assessing coastal water quality. 

In terms of the model performance analysis using various combina-
tions of water quality indicators, eight widely used machine learning 
algorithms and one artificial intelligence techniques including the DNN, 
SVM, LSBoost, GPR, tree, LR, XGBoost, K– KNN, and RF were utilized in 
this research. Recently, several studies have utilized the advanced ma-
chine learning technique for assessing water quality using WQI model 
due to the computational complexity and inappropriate sub-indexing 

process of the model (Bui et al., 2020; Hassan et al., 2021; Leong 
et al., 2021; Uddin et al., 2022a, 2022d). Model performances were 
evaluated using six common criteria, RMSE, MSE, MAE, MAPE, AIC, and 
BIC. 

In our recent study, we proposed an improved methodology for 
assessing coastal water quality using WQI approaches where we 
compared eight WQI models (five are established and remaining three 
are newly proposed). Uddin et al. (2022a) have revealed that the 
weighted quadratic mean (WQM)-WQI and root mean square 
(RMS)-WQI models are effective for assessing coastal water quality in 
terms of model reliability and consistence. Therefore, the present study 
utilized the WQM-WQI approaches for calculating WQI values. Detail 
methodology can be found in Uddin et al. (2022a). 

Therefore, the aim of this research was to select the best combination 
of water quality indicators in order to reduce model uncertainty. The 
main aspects of this study are as follows:  

(1) to identify the crucial water quality indicators without losing/ 
hiding actual information using various features selection algo-
rithms to improve the WQM-WQI model efficiency for the 
assessment of coastal water quality;  

(2) to assess the impact (sensitivity) of different FS techniques 
(subsets of indicators) on the WQM-WQI model;  

(3) to determine more accurate machine learning algorithm for 
predicting WQI values incorporating the WQM-WQI model;  

(4) to parameterize a robust subset of crucial water quality indicators 
for the improvement of the WQM-WQI model. 

In addition, the findings of this research provide a comprehensive 
understanding of various indicator optimization techniques and their 
performance in terms of reducing the WQI model uncertainty. The re-
sults may also be useful in determining the best algorithm to choose the 
key input of the water model in water research studies that may be 
effective for advancing the WQI model’s development. 

The rest of the manuscript is structured as follows: Section 2 provides 
the details description of the study area, materials and methods, 
including data collection and preparation, WQI models and their com-
ponents, various FS techniques; Section 3 presents details of the WQIs 
prediction models, input preparation, model hyperparamterization, 
model evaluation method, and other statistical tools and techniques. In 
Section 4, we discuss experimental results and discussion of various FS 
algorithms, prediction results of nine models, and results of different 
statistical tests. Section 5 presents the results of the water quality 
assessment using the best subsets of indicators. Section 6 is a conclusion 
and recommendation on the best algorithm for selecting water quality 
indicators for improving the WQI model. 

2. Materials and methods 

2.1. Model application domain 

The present study was conducted in Cork Harbour which is located 
on the southwest coast of Ireland. This region is heavily populated and 
industrialized and subject to extensive agricultural activities, which is 
the prime cause of the Harbour water quality depletion. Many large 
rivers flow into the Harbour, the River Lee is one of them, which flows 
through Cork City and approximately 75% of the freshwater is provided 
to the Harbour (Uddin et al., 2022a). In addition, several large waste-
water treatment plants (WWTPs) are situated in Cork Harbour that 
discharge a significant amount of wastewater into the Harbour. The EPA 
reported that the Harbour’s water quality gradually degraded every day. 
In order to spatially assess the Harbour, the Harbour area was divided 
into three regions: (i) Upper Harbour (ii) Lower Harbour and (iii) Outer 
Harbour. Details of the Harbour regions are presented in Fig. 1. Details 
of the monitoring sites and WWTPs can be found in Table S1. 
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2.2. Data obtaining process 

Water quality data for the purpose of this study was obtained from 
the monitoring database (https://www.catchments.ie/data/) of the 
Environmental Protection Agency (EPA), Ireland that is collects WQ 
data monthly from number of monitoring sites in several national and 
local water bodies. The present study used a repository of Cork Harbour; 
ten WQ indicators were collected from the database 2022 (Januar-
y–May) including 32 monitoring sites. A comprehensive map of study 
domain and monitoring sites are presented in Fig. 1. The average con-
centration of water quality data of eleven parameters including 
ammonia (AMN), biological oxygen demand (BOD5), dissolved oxygen 
(DOX), chlorophyll a (CHL), molybdate reactive phosphorus (MRP), 
water pH, total oxidised nitrogen (TON), water transparency (TRAN), 
dissolved inorganic nitrogen (DIN) and water temperature (TEMP) were 
used in this research. Details of the WQ indicators, units and their 
guideline values can be found Table S2 and details of the WQ data are 
provided in Table S3. By using the Uddin et al. (2022a) methodology, 
the guideline values for ten water quality indicators were obtained. 

2.3. Feature selection (FS) techniques 

Eighteen FS techniques including (i) Univariate filter method (un-
supervised): F-Test, Chi-square ( χ 2), mutual information (MI), Pearson 
correlation (PCOR), K_best and features transformation based principal 
component analysis (PCA) and multivariate based minimum redun-
dancy maximum relevance (MRMR); (ii) filter (supervised): Relief, and 
Laplacian score (LAP), (iii) wrapper methods (supervised): recursive 
feature elimination: A support vector machine (RFE_SVM) and recursive 
feature elimination-random forest (RFE_RF); and (iv) embedded based 
(supervised): extrem gradient boosting (XGBoost), random forest (RF), 
linear regression (LR), Boruta, least absolute shrinkage and selection 
operator (LASSO), intransic based extra tree algorithm (ExT) and step- 

wise generalized linear regression model (SWGLM) and (v) maximum 
voting approach (MAXVOT) were utilized in this research. The details of 
each FS method and their functions can be found in supplemental ma-
terials as a continuation of 2.3.1. 

2.4. Water quality index (WQI) model 

Thus far, different WQI models have been developed by various 
countries/organizations/researchers, all of which have a particular 
focus on assessing surface (rivers, lakes etc.) and groundwater quality 
(Uddin et al., 2021, 2022a). To the best of the author’s knowledge, a 
limited number of indexes have given attention to coastal water quality 
(Uddin et al., 2022d, 2023b). The authors have recently proposed an 
improved methodology for assessing coastal water quality using the 
WQI approach. Details of the methodology can be found in Uddin et al. 
(2022a). In this research, WQI values were calculated for each subset of 
water quality indicators using the weighted quadratic mean (WQM) – 
WQI approach. Table 2 provides the details of various water quality 
indicators subsets. The final WQI values were obtained by using equa-
tion (1). 

WQM − WQI =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
wis2

i

√

(1)  

Where, wi is the weight value of ith indicator; si is the sub-index of ith 
indicators and n is the number of water quality indicators. 

3. WQIs prediction approaches 

Recently, several studies have utilized state-of-the-art, advanced 
computing approaches such as machine-learning algorithm, and artifi-
cial intelligence to reduce model uncertainty. In this research, nine 
prediction models were developed using eight widely used machine- 

Fig. 1. Model application domain and sampling sites locations in Cork Harbour, Ireland.  
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learning algorithms and one deep neural network (DNN) model 
including SVM, GPR, KNN, LSBoost ensemble, Tree, LR, RF and XGBoost 
for predicting coastal WQIs using various subsets of water quality in-
dicators. Details of the indicator’s subsets are provided in Table 2. The 
details methodological procedures of this study are presented in Fig. 2. 
The details of various prediction models can be found in the supple-
mentary material as a continuation of 3. 1. 

3.1. Input preparation 

Prior to commencing the analysis, two input datasets were con-
structed where one is used for supervised algorithms and the other for 
unsupervised methods. After collection and cleaning of the indicators 
raw data, for the purposes of selecting relevant indicators using the 
supervised FS method, the input was prepared using the coastal water 
quality guideline. Details of the guideline values are provided in 
Table S2. Based on guideline values WQ classified into two categories as 
(i) polluted and (ii) unpolluted using simple two binaries rules. If all 
indicators falls within permissible range it registered as unpolluted (0), 
on the other hand, if any indicators failed to meet the guideline values, 
then 1 (polluted) was assigned automatically (Uddin et al., 2022a). 
Details of the input for FS algorithms can be found in Supplementary 
Table S3. It should be noted that binary labels were removed from the 
dataset when input was used for an unsupervised method. When 
obtaining water classes, the standardized z score technique was used to 
convert all water quality indicators to a similar scale to avoid collin-
earity problems (Chen Liao et al., 2008; Uddin et al., 2022d). 
Commonly, this techniques widely used to estimate and compare the 
probabilistic distribution of a score that occurs in the normal distribu-
tion among the scores of different normal distributions (Ahmed et al., 

2019; Ma et al., 2020a,b). Standardized function can be defined as 
follows: 

z=
(x − x)

σ (2)  

where x is measured value of the water quality indicator, x is the mean 
value of the indicator, and standard deviation of the indicator is σ. 

3.2. Model hyperparameter optimization 

By default, each ML algorithm composes a set of hyperparameters 
that control the model’s performance and prediction reliability. 
Commonly, two types of prediction problems such as overfitting and 
underfitting, are addressed in ML models that are formulated due to 
inappropriate hyperparameterization (Yan et al., 2019). To date now, 
several techniques have been developed for selecting optimal value of 
hyperparameters, including random search, grid search and Bayesian 
approach (Rahman and Upadhyay, 2015; Uddin et al., 2022c). 
Currently, most studies have utilized the grid search technique for 
hyperparameters optimization because this approach is an exhaustive 
optimization method that allows evaluating the model accuracy for each 
grid position (Elgeldawi et al., 2021; Yan et al., 2019). Compared to 
other approaches, the grid search method is reliable and robust to 
improve the model performance with incredible estimation (Villalobo-
s-Arias et al., 2020; Yan et al., 2019). Through optimization processes, 
the model prediction error was measured based on the out-of-bag error 
(MSE) technique. Due to the incredibility of grid search technique, the 
present research was utilized this technique for hyperparameters opti-
mization. The grid search results are provided in Table S7 and the 
best-fit model (DNN) hyperparameter optimization results are presented 

Fig. 2. Methodological framework for selecting robust combination of water quality indicators in order to develop a coastal water quality index model.  
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in Table 4. 

3.3. Development of prediction models 

Fig. 2(b) depicts a schematic diagram of the model development 
process. Prior to estimating WQM-WQIs, crucial WQ indicators were 
obtained from the various FS algorithms. In total, fifteen input scenarios 
were generated for predicting the WQM-WQI values. Table 2 provides 
the details of the input scenarios for different FS techniques. After 
obtaining the WQM-WQI values, a prediction model was developed to 
predict WQI values using normalized fifteen sub-sets of water quality 
indicators. In this research, the artificial intelligence based DNN and 
eight ML models were used to predict WQIs for various input scenarios. 
Details of the predictive models can be found in section 3. 1. For the 
development of the prediction model, all input scenarios data was 
divided into two groups: (i) 70% of the data was used for model training 
and (ii) 30% of the data was used for testing (validation) the model. 
When constructing prediction models, several common model evalua-
tion metrics were used to assess the model’s performance. The evalua-
tion procedure is described in detail below in section 3. 5. 

3.4. Model evaluation 

In order to select the best model, various performance criteria are 
used in comparing different algorithms. It depends on the nature of the 
response variables, such as categorical or continuous. In this study, 
regression models were performed to predict the WQM-WQI model. The 
present study utilized the cross-validation (CV) approach to evaluate the 
predicting performance because this technique is widely used in ML 
technique (Uddin et al., 2022d). In this study, 10-fold CV was performed 
to estimate model errors at each fold of subsets. The details CV method 
discussed in Xiong et al. (2020). For assessing the model performance, 
the present research utilized root mean square error (RMSE), mean 
square error (MSE), mean absolute error (MAE), and mean absolute 
percentage error (MAPE) because most studies have used these perfor-
mance (Asadollah et al., 2021; Tran et al., 2021; Uddin et al., 2022d; 
Xiong et al., 2020; Yan et al., 2019; Yu et al., 2020; Zaghloul and Achari, 
2022). Details of these criteria can be found in Uddin et al. (2022a). All 
indicator values range from 0 to 1. Commonly, all criteria values are 
recommended as being as close to 0 as possible. The lowest values 
indicate the best performance of the model (Bagherzadeh et al., 2021; 
Uddin et al., 2022d). In addition, many studies have used the Akaike 
Information Criterion (AIC) and the Bayesian Information Criterion 
(BIC) for evaluating the model performance. A few studies have applied 
these techniques to predict the coastal water quality (Tran et al., 2021). 
Details of AIC and BIC can be found in (Akaike, 1998) and Stone (1979), 
respectively. In this research, these two advanced performance criteria 
were utilized to select the best FS algorithm for predicting WQM-WQIs. 
Commonly, the AIC estimates are based on how well the samples fit the 
model, while the BIC takes into account both how well the model fits and 
how complicated it is (Emmert-Streib and Dehmer, 2019; Shalizi, 2015; 
Tran et al., 2021). The AIC and BIC of the predictive models are calcu-
lated using the equation (3) and equation (4), respectively. The equa-
tions can be defined as follows: 

AIC = − 2 log(L) + 2k (3)  

BIC = − 2 log(L) + klog (n) (4)  

where k is the number of water quality indicators, L is the value of model 
likelihood estimation and n is the number of the samples. For the esti-
mation of likelihood estimation, the maximum likelihood estimation 
analysis was utilized according to the methodology of Banks and Joyner 
(2017). Details of the methodology can be found in Banks and Joyner 
(2017). 

3.5. Model efficiency analysis 

For the purposes of the hydrological model efficiency analysis, the 
Nash–Sutclife efficiency (NSE) index is widely used. Recently, several 
studies have utilized the NSE index for selecting the best model in ma-
chine learning and artificial intelligence (McCuen et al., 2006). Usually, 
its value ranges from -∞ to 1, with a number close to 1 indicating the 
best model performance and a negative score indicating low model ef-
ficiency (McCuen et al., 2006; Sharif et al., 2022). The NSE index is 
defined as follows: 

NSE = 1 −

∑n

i=1
(pi − mi)

2

∑n

i=1
(mi − m)

2
(5)  

where mi is the measured and pi is the predicted values of ith samples 
respectively whereas m is the mean measured value. 

Moreover, the present study utilized the model efficiency factor 
(MEF) for identifying the best model in terms of prediction errors. A few 
studies have suggested this technique as the extension form of the NSE 
index to obtain better results of model in terms of efficiency (Sharif 
et al., 2022). Like the NSE index, its score ranges from 0 to 1, where the 
smallest value indicates the better efficiency of the model. Unlike, the 
MEF score of 0 refers to the bias-free model, although this is not a 
reliable indicator for measuring the overall performance of a model. . It 
can be defined as follows: 

MEF =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − NSE

√
(6)  

where NSE is the Nash–Sutclife efficiency index score, which is obtained 
from equation (5). 

3.6. Statistical significance of robust subset of indicators 

To compare the performance of WQI model for various subsets of 
water quality indicators, the present study utilized the Z-statistic. 
Recently, several studies have used this technique to compare between 
datasets or models results for understanding the differences between 
estimated and predicted values (Gaur et al., 2022; Mauget, 2011; 
Mauget et al., 2012; Rahman and Harding, 2016, Rahman, 2019). A few 
studies have applied this technique for estimating uncertainty in the 
estimation (e.g., Aslam, 2022). Commonly, the Z-statistic indicates that 
a statistical estimation of measuring the number of standard deviations 
below or above the mean value, whereas the standard deviation is set to 
1 and mean value refers at 0 (Andrade, 2021; Massey and Miller, 2017). 
The Z-statistic values performed according to the approach of Rahman 
and Harding (2016). It can be defined as equation (2) (mentioned 
above), with the WQI values being taken into account for the estimation 
of Z-statistics. 

For the purposes of comparing the WQIs variation between measured 
and model prediction, the presented study defined the following null 
and alternative hypotheses to check the statistical significance of WQI 
values differences predicted by the DNN model using various subsets of 
indicators: 

Null hypothese;Hi0 : WQIm =WQIp  

Alternative hypothese;HiA : WQIm ∕= WQIp  

where, WQIm and WQIp are the measured and predicted WQI values, 
respectively. 

For testing the hypotheses, two-tailed statistical test was conducted 
with the critical values of − 1.96 and + 1.96 at 5% significant level (p <
0.05). If p value is less than 0.05 then the null hypotheses rejected. 
Detail of the hypotheses test can be found in Rahman and Harding 
(2016). 
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3.7. Reliability analysis of the robust subset of indicator 

Absolute standardized residual estimate analysis (ASRE) is widely 
used for validation of simulation results in terms of the impact of various 
inputs (Best et al., 2008; Rahman et al., 2013; Rahman, 2020). It is a 
very straightforward technique to analyse the model accuracy (Rahman 
et al., 2013). Like as other criteria of simulation model evaluation, its 
values range from 0 to ∞, when the ASRE value is less than 2, it means 
the model performance is acceptable. When it estimates close to 0, the 
model performance is good and reliable, a larger value of ASRE (≥2) 
indicates the unexplained error or model results are unacceptable 
(McManus et al., 2020; Rahman et al., 2013). In this research, this 
approach was utilized to validate the model output in terms of reliability 
of water quality indicators and their impact on the WQM-WQI model. 
The ASRE can be defined as follows: 

ASRE =
δ

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
AEMSE

√ (7)  

where 

δ= |yn − ŷ n|

AEMSE =
1
N

∑
(yn − ŷn)

2 

Herein, ASRE mathematical function notations are: yn is the 
measured WQI, ̂yn is the predicted WQI at the nth monitoring site, and N 
is the total number of monitoring sites, whereas AEMSE is the average 
empirical mean squared error of the predicted WQI values. 

However, it is noted that, in order to implement feature selection 
algorithms, prediction models, and all statistical analyses and visual-
isations, the present study used the Python programming language on 
the Google Colab cloud-computing platform. It is a very convenient 
environment, and it enables users to run a variety of advanced machine 
learning models using the Python language. 

4. Results and discussion 

4.1. Water quality indicators statistical overview 

A statistical summary of water quality indicators over the period of 
the research is given in Table 1. Most indicators were within the 
permissible limits, except for DIN, MRP, TRAN and TON (Table 1). At 
the majority of monitoring sites in the upper Harbour, four water quality 
indicators (DIN, MRP, TRAN, and TON) exceeded the guidelines values, 
but the lower and outer Harbour sites met with the requirements for 
coastal water quality (Fig. S3). The authors in earlier studies also 
revealed similar findings (Uddin et al., 2022a, 2022b, 2022d). In addi-
tion, there was a moderate positive correlation among water quality 
indicators, except for the TEMP, CHL, pH and DOX, whereas the mod-
erate negative correlation was found between TRAN, DOX, pH and other 
indicators (Fig. 3). Details of the correlation are presented in Fig. 3 

below. 

4.2. Comparison of various FS techniques 

In order to select the key indicators, all water quality indicators were 
ranked based on their relative significance in terms of assessing coastal 
water quality using various FS techniques. Details of the results of the 
features rank are provided in supplementary material (Fig. S4). Based on 
the rank of indicators, fourteen subsets of indicators were constructed. 

Table 1 
Indicators statistical summary.  

Indicators Units Mean SD Min Max 

AMN mg/l 0.09 0.06 0.03 0.30 
BOD5 mg/l 1.30 0.60 0.50 2.85 
CHL mg/m3 3.73 1.81 1.60 9.28 
DIN mg/l 1.45 1.42 0.08 4.90 
MRP mg/l as P 0.03 0.02 0.01 0.08 
TEMP ◦C 14.53 1.09 12.90 17.38 
TRAN m/depth 2.81 3.57 0.03 13.53 
pH – 7.93 0.16 7.63 8.23 
DOX % sat 98.60 7.97 78.68 115.75 
TON mg/l as N 1.36 1.39 0.05 4.68 
SAL psu 18.71 13.30 34.08 0.10  

Table 2 
Different scenarios of significant water quality indicators obtained from various 
features selection methods.  

Indicators 
subsets 

Suggested WQ indicators number of 
indicators 

indicator 
selection 
methods 

S1 DIN, MRP, DOX,TON, 
TRAN 

5 RFE_SVM 

S2 AMN, CHL, pH, DOX, 
TRAN 

5 LR 

S3 AMN, BOD5, CHL, DIN, 
MRP, TEMP, DOX 

7 XGBoost 

S4 BOD5, DIN, MRP, TEMP, 
pH, DOX, TON, TRAN 

8 RF 

S5 BOD5, DIN, MRP, TEMP, 
pH, TON, TRAN 

7 MI/ExT 

S6 DIN, pH, TON, TRAN 4 MRMR 
S7 BOD5, DIN, MRP, pH, 

TON, TRAN 
6 Boruta/K_Best/ 

F_test/Relief 
S8 AMN, BOD5, CHL, DIN, 

TEMP, pH, DOX, TRAN 
8 PCOR 

S9 AMN, BOD5, DIN, MRP, 
pH, DOX, TRAN 

7 RFE_RF 

S10 AMN, BOD5, CHL, DIN, 
MRP, TON 

6 PCA 

S11 DIN, MRP, TEMP, pH, 
TON, TRAN 

6 LAP 

S12 pH, DOX, TON, TRAN 4 Chi2 
S13 pH, TON, TRAN 3 LASSO 
S14 AMN, pH, TON 3 SWGLM 
S15 DIN, MRP, TRAN, pH, 

DOX, TON 
6 MAXVOT  

Fig. 3. Pearson correlation results of various water quality indicators in 
Cork Harbour. 
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Table 2 provides the details of the indicator subsets. In terms of the 
number of indicators in each dataset, a significant difference was found 
in this study within various FS techniques. The maximum number of 
indicators were recommended by the widely used RF and PCOR tech-
niques. Both methods suggest that eight water quality indicators are 
crucial for assessing coastal water quality (Table 2). The second highest 
number of indicators (seven) were selected by the XGBoost, MI, ExT, and 
RFE_RF techniques. Whereas the most popular technique (in existing 
WQI models), PCA, recommended the most common indicators 
including AMN, BOD5, CHL, DIN, MRP, and TON as crucial. Contrary, 
four FS techniques (Borurta, K_Best, F_test, and relief) were recom-
mended with a similar set of indicators, including BOD5, DIN, MRP, pH, 
TON, and TRAN as crucial indicators (Table 2). In addition, most filter 
methods revealed that DIN, MRP, TON, and TRAN are crucial indicators 
in the dataset except the χ 2 , PCOR and PCA techniques. Unlike other 
methods, the LASSO and SWGLM recommended completely different 
sets of indicators as important; those methods suggested only three in-
dicators as being crucial, whereas the MAXVOT approach was recom-
mended for most of the nutrient indicators for the assessment of coastal 
water quality, including DIN, MRP, TRAN, pH, DOX, and TON, like in 
the RF method (Table 2). There was a significant correlation among 
water quality indicators with the WQM-WQI values. Detail of the cor-
relation results can be found in Fig. S5. When compared to the WQI 
values, most selected indicators by various FS methods have shown a 
moderate to high positive correlation between WQI and most indicators, 
except for the TEMP and DOX; these show the weakest correlation 
among indicators as well as WQI values (Fig. S5a; Fig. S5i). The XGBoost 
(S3) and RF (S4) techniques suggested the most indicators as key char-
acteristics within FS methods in this study, whereas a significant indi-
cator variation was found in embedded FS algorithms. With the 
exception of TEMP and DOX, most WQ indicators and WQI within these 
subsets were found to have a moderate correlation (Fig. S5c; Fig. S5d). 
While pH and TON were common features, there was a strong correla-
tion between indicators and WQIs (Table 2). However, most FS methods 
suggest that DIN, MRP, TRAN, pH, DOX, and TON are the key indicators 
for assessing coastal water quality. 

4.3. Comparative analysis of WQM-WQI model for various scenarios of 
FS methods 

4.3.1. Selected key water quality indicators subsets 
One of the crucial stages of the WQI model is the indicator selection. 

In order to select the key indicators, the current study used eighteen FS 
techniques. In total fifteen subsets were constructed, where fourteen 
subsets (combinations) of water quality indicators were selected from 
the eighteen FS technique and the remaining subset was obtained using 
majority voting approaches. Table 2 provides the details of the selected 
key indicators. Details of the majority voting approach can be found in 
Table S4. 

4.3.2. Sub-index (SI) statistics of WQ indicators 
The SI values of WQ indicators were calculated using the procedures 

of Uddin et al. (2022a). Recently, several studies have revealed that the 
SI functions contribute a significant amount of uncertainty to the final 
index due to the ambiguity problems. In their study, Uddin et al. (2022a) 
proposed three linear interpolation functions in order to calculate the SI 
values without ambiguity problems. Details of the SI functions can be 
found in Uddin et al. (2022a). Fig. 4 provides the statistical summary of 
the SI values for various water quality indicators. Details of the SI results 
are provided in Table S5. As can be seen from the figure (below), higher 
SI values were obtained for those indicators that are found within the 
permissible limits whereas the breached indicators were given relatively 
lower values. In this study, it was examined that the majority of SI value 
indicators had no ambiguity issues (Table S5). 

4.3.3. Different set of indicators weight values 
Prior to estimating the indicators’ weight values, the present study 

determined the rank of the suggested indicators based on their relative 
importance. The present study obtained the fifteen subsets of water 
quality indicators using different FS techniques. After obtaining the in-
dicator rank, weight values were estimated using the approaches of 
Uddin et al. (2022a). For the purposes of the WQI calculation, we esti-
mated weight values for fifteen subsets of indicators in this research. 
Uddin et al. (2022a) proposed an effective method that offered a thor-
ough methodology combining machine learning algorithms and statis-
tical approaches to calculate indicators’ weight values without the 
assistance of experts, allowing for the optimization of the uncertainty 
level in this process. This method was superior to the existing ap-
proaches (Uddin et al., 2022c). Fig. S4 presents the rank order of various 
indications within different subsets, and Table S4 provides weight 
values for various indicators of subsets. 

4.3.4. Aggregation results for various scenarios 
Aggregation functions allows converting SI and weight values of 

indicators into the single numerical expression that provides compre-
hensive picture of the water quality. In this research, WQIs were 
calculated using the approaches of Uddin et al. (2022a). Table S6 con-
tains information on the measured WQIs for various subsets of in-
dicators. A statistical summary of WQIs for various input sizes of 
indicators are presented in Fig. 5 using Whisker boxplot technique. The 
Figure (below) shows that there was a substantial difference in WQIs 
between subsets of the indicators Compared to FS methods, higher 
measured WQIs scores were found for the S2 subset; they varied from 68 
to 98, with an average of 88. Relatively, the lowest WQIs scores were 
calculated for the S1 subset while it ranged between 8 and 91, with an 
average score of 61 (Fig. 5). Three categories of water quality—"good," 
"fair," and "marginal"—were found based on index values. Most subsets 
of indicators suggested that the water quality was classified into "good" 
and "fair" quality in Cork Harbour during the study period (Fig. 5). The 
results of various subsets of indicators revealed that the WQIs varied due 
to the nature of indicators. The index results also revealed that there was 
no impact of model input size on WQI values. For example, the subsets 
S13 and S14 contained only three water quality indicators, but the index 
scores ranged from 58 to 99 and 66 to 99, respectively (Fig. 5; Table S6). 
On the other hand, the present study also found comparable statistical 
measures for subsets S3 (7), S4 (8), S5 (7), S8 (8), and S9 (7); herein, 

Fig. 4. Statistical overview of the calculated SI of various water qual-
ity indicators. 

Fig. 5. Statistical summary of WQIs for various subsets of water quality in-
dicators in Cork Harbour. 
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close brackets indicate the number of indicators for each subset (Fig. 5; 
Table S6). Several studies have recently asserted that the quantity of 
indicators can affect the WQI results (Bui et al., 2020; Uddin et al., 
2021). In contrast to earlier studies, in this research, there was no evi-
dence that the WQIs model was affected by the input sizes of the 
indicators. 

4.4. Analysis of prediction results for different subsets of indicators 

4.4.1. Model optimization results 
Prior to training, the training data set is divided into training- 

validation sets using the 10-fold cross validation approach. When data 
sets were constructed, the training set was used for the model fitting, 
whereas the validation set was employed for the optimization of the 
hyperparameters based on 10-fold cross validation results using the grid 
search technique. Table S7 provides the optimal hyperparameters for 
the nine prediction models, including those in Table 3. The out-
performed model hyperparameters are given in Table 3 below. 

4.4.2. Prediction results and model performance analysis 
After tuning the model, nine ML algorithms were trained using 

various subsets of indicators. Details of the subsets can be found in 
Table 2. Each trained model was tested after it had been developed to 
assess its performance. For model validation purposes, various metrics 
(RMSE, MSE, MAE, MAPE, AIC, and BIC) were calculated for both the 
training and testing datasets. Details of the metrics results of various 
algorithms can be found in Table S8 (a – h). Based on the model error 
during training and testing, the best prediction model selected for pre-
dicting WQI values using each subset of indicators, where the target was 
measured WQI values for the relevant subset. Table 4 provides the 10- 
fold cross validation results for the best predictive model. The best 
predictive model was determined by comparing the prediction perfor-
mance metrics among nine algorithms. As mentioned earlier, details of 
the performance metrics can be found in Table S8 and Table 4. Once the 
best prediction model was obtained, WQI values were predicted for each 
subset of indicators using the best algorithm. Fig. 5 shows a statistical 
summary of measured and predicted WQI values for each subset. Fig. 6 
also reveals the relationship between the measured and predicted WQI 
values for various subsets. Details of the prediction results at each 
monitoring sites in Cork Harbour for each subset of indicators can be 
found in Table S9. 

Based on the performance metrics, relatively, the smallest prediction 

errors (RMSE, MSE, MAE, MAPE, AIC and BIC) found for the subsets S4, 
S5 and S9 during both training and testing periods (Table 4). Compared 
to the model validation (testing) period, model performance improved 
for those subsets apart from the S5, whereas model performance 
significantly dropped due to the model under-fitting problem (Fig. 6). 
The performance of the DNN model is influenced by a number of vari-
ables, such as unstandardized data, the size of the training dataset, high 
bias, number of hidden layers, low variance of the model, etc. 
(Choudhary et al., 2022; Sarker, 2021; Uzair et al., 2020). Recent studies 
have shown that the number of hidden layers has a negative impact on 
predicting performance, which has a very negative impact on the net-
work’s efficiency (Uzair et al., 2020). A few studies have reported that 
the DNN model underfitting problem may occur due to the small 
training dataset (Choudhary et al., 2022). In this research, underfitting 
problem may have occurred due to the small training dataset or both the 
small training dataset and the number of hidden layers (Uddin et al., 
2022d). 

In addition, the present study found also good performance for the 
subset S3 for which indicators were extracted using the XGBoost tech-
nique (Table 2). These similar results also reported in several earlier 
studies (K. Chen et al., 2020; Islam Khan et al., 2021; Naghibi et al., 
2020; Uddin et al., 2022b). Due to the over-fitting issue, model perfor-
mance on this subset was greatly improved over the validation (testing) 
period (Table 4). 

Compare to the prediction models in terms of input sizes, the best 
model was built with big input sizes including subset S3(7), S4(8), S5(7), 
S8(8), and S9(7) where close brackets indicate the input size of in-
dicators. The smaller input sizes for instances subsets S13 and S14, both 
built with just three indicators, showed, relatively, the lowest prediction 
performance (Table 4). The results of the performance metrics revealed 
that the input sizes of indicators could be affected the DNN model’s 
performance. Similar finding was also reported in literatures (Bailly 
et al., 2022; Pasini, 2015). In addition, the prediction results also reveal 
that various FS techniques could have a significant effect on model 
performance. 

4.4.2.1. Sensitivity results of various subsets. For the purposes of sensi-
tivity analysis of various FS techniques, several studies have used cor-
relation coefficient technique to determine the relationship between 
model inputs and output (S. Chen et al., 2020; Hamby, 1994; Uddin 
et al., 2022a). In this research, the coefficient of determination (R2) was 
utilized in the approach of Uddin et al. (2022a) to assess the sensitivity 
level of various water quality indicators in the WQI models. Commonly, 
it ranges from 0 to 1, where higher values indicates the strong rela-
tionship between model input and output (Uddin et al., 2022a, 2022d). 
Fig. 7 presents the R2 for various subsets of indicators. Unlike other 
evaluation metrics, higher values indicate the highest sensitivity. Ac-
cording to R2 values, the highest sensitivity was found for the S4 (R2 =

0.96), the S11 (R2 = 0.92), the S12 (R2 = 0.96), S13 (R2 = 0.98) and S15 
(R2 = 0.0.91) subsets. Most subset of indicators shown better sensitivity 
except for subsets S8 (R2 = 0.26), S9 (R2 = 0.83), and S10 (R2 = 0.43) in 
this research (Fig. 7). 

4.4.2.2. Model efficiency analysis. In this study, the NSE and MEF 
computed to evaluate the model efficiency. Fig. 8 shows the results of 
NSE and MEF for various subsets of water quality indicators. Based on 
the results, larger NSE and smaller MEF values were calculated for the 
subset S13 (Fig. 8), although other statistical metrics are not supported 
for this subset. Most metrics were found to be larger through the training 
(RMSE = 1.37, MSE = 5.34, MAE = 1.88, MAPE = 2.76, AIC = 59.61, 
and BIC = 64), whereas model performance was improved significantly 
due to the underfitting problem during testing (RMSE = 0.43, MSE =
0.05, MAE = 0.18, AIC = − 88, and BIC = − 83.6) periods (Table 4). Like 
subset S13, the larger NSE (0.84) and the smaller MEF (0.40) were also 
calculated for subset S4 (Fig. 8). Compared to other metrics, all the 

Table 3 
Optimized hyper-parameters values of DNN model for various scenarios.  

Model parameters Optimum 
values 

Definition 

Learning rate 0.5 Model learning rate 
Number neurons 6 Number of neuron each hidden layer 
Hidden layers 5 Number of hidden layers 
Activation function ReLU Function for neuron activation 
Regularization Dropout Regularization techniques for control 

the model overfitting 
Dropout 0.5 % of neuron dropped out at each 

iteration 
Momentum (μ) 0.2 Weight values of previous update from 

each iteration 
Weight and bias 

initiation 
normal Determination of initial weight 

Optimizer Adam Defined output probability of prediction 
results 

Loss function Mean squared 
error 

Used for the minimization of prediction 
loss 

Epochs 1000 Number of training iteration 
Batch size 20 Sample size of training period for each 

iteration 
Weight decay 2 Used for preventing model overfitting 

problem 
Type Regression Developed model for regression  
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statistical evidence shows that the subset S4 is the best for predicting the 
WQI values than other subsets (Table 4; Table 6). 

4.5. Identification of robust subset indicators for the development of WQI 
model 

4.5.1. Results of statistical significance of FS techniques 
In this research, the Z-statistic was used to identify the most reliable 

subset of water quality indicators for developing an efficient WQI model. 
Table 5 provides the results of the statistical hypothesis test for the 

various subsets of indicators in order to analyse the data differences 
between subsets in terms of prediction errors. Based on the results of the 
hypothesis test, there was a statistically significant difference between 
the measured and predicted WQI values for different subsets of in-
dicators at p < 0.05, which meant that the null hypothesis was wrong 
(Table 5). It can be seen from the data in Table 5 below that the z sta-
tistics also indicate that there were no significant data differences be-
tween measured and predicted WQI values in the subset S4, whereas 
higher data differences between measured and predicted WQI values 
were found for the S6, S9, S10, and S14 (Table 5). Comparatively, the 

Table 4 
10-fold cross validation results of DNN model for different scenarios.  

Scenarios Training Testing 

RMSE MAE MSE MAPE AIC BIC RMSE MAE MSE MAPE AIC BIC 

S1 0.77 0.63 0.60 1.37 − 4.84 2.50 1.22 3.49 1.49 2.41 50.00 57.33 
S2 1.69 13.34 2.86 3.39 92.90 100.23 0.41 0.04 0.17 0.19 − 90.54 − 83.21 
S3 1.28 5.12 1.65 2.29 62.26 69.60 0.44 0.08 0.19 0.27 69.26 − 61.93 
S4 0.66 0.33 0.44 0.68 ¡19.57 ¡7.85 0.42 0.04 0.18 0.24 ¡83.45 ¡71.72 
S5 0.56 0.19 0.32 0.43 ¡39.65 ¡29.40 0.62 0.31 0.38 0.63 ¡20.43 ¡10.17 
S6 0.91 1.98 0.83 1.06 29.92 35.79 0.69 0.42 0.48 0.78 − 19.76 − 13.90 
S7 1.30 4.85 1.69 2.69 62.53 71.32 0.79 0.69 0.63 0.91 0.13 8.92 
S8 0.44 0.10 0.19 0.24 − 57.68 − 45.96 0.48 0.11 0.23 0.28 − 37.14 − 25.42 
S9 0.41 0.06 0.17 0.20 ¡78.24 ¡67.98 0.16 0.00 0.03 0.03 ¡196.3 ¡186.02 
S10 1.26 5.44 1.59 2.44 66.20 75.00 0.63 0.38 0.40 0.63 − 18.63 − 9.83 
S11 0.64 0.24 0.41 0.79 − 33.69 − 24.87 1.04 1.54 1.08 1.71 25.82 34.61 
S12 1.25 3.89 1.56 2.13 51.47 57.33 1.26 4.43 1.60 2.66 55.63 61.48 
S13 1.37 5.34 1.88 2.76 59.61 64.00 0.43 0.05 0.18 0.24 − 88.00 − 83.60 
S14 1.25 3.29 1.56 2.06 44.12 48.56 0.73 0.48 0.53 0.62 − 17.62 − 13.22 
S15 1.00 1.68 1.00 1.66 28.60 37.40 0.84 1.13 0.70 0.85 15.92 24.71  

Fig. 6. Point-base comparison between measured and predicted WQM-WQI values for different subsets of water quality indicators using DNN algorithm.  
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lowest data difference was found in 93% of the samples for subsets S3, 
S4 and S13 (Table 5). 

In addition, Fig. 9 presents the summary of the Z-statistics by Box and 
whisker plot that provides the variability in z-score values for different 

subsets of indicators. As shown in figure, most of the subset’s Z-scores 
were found between +1 and − 1 where the data outliers of prediction 
WQI values were found for the S3 and S10 subsets. Relatively, the lowest 
standard deviation from the mean predicted WQI values was found for 
the S4, S3 and S13, it ranged between +0.085 and − 0.087 (Table 5). 

However, for the purposes of determining the best subset(s), subsets 
were ranked (see Table 6) taking on the RMSE values (training and 
testing) from Table 4 as a measure of prediction error, the R2 values from 
Fig. 7 as a measure of model sensitivity, the NSE and MEF values from 
Fig. 8 as a measure of model efficiency (above), the ASRE values from 
Fig. S7 (supplementary materials) as a measure of model reliability, the 
z statistics from Table 5, root mean square deviation and standard de-
viation from Fig. 11 as a measure of performance of various subsets. 
Subsets were first scored from 1 to 15 separately for each metric, with 1 
indicating the best performance and 15 worst. All measure’ scores were 
then added, giving each metric equal weighting, and the subsets ranked 
based on the cumulative scores. A smaller cumulative score indicating 
good performance should be ranked first, and a larger score indicates the 
worst performance of the subset(s). According to the cumulative score of 
the various subsets, the S4 subset was ranked first, whereas the S13 was 
ranked second. Table 6 provides the details of the scoring procedures for 
various measures and subsets ranked below. 

Based on analysis of various statistical measures, the results indicate 
that the S4 subsets are effective for estimating WQI values in terms of the 
lowest model prediction error (Table 6). Details of the hypothesis test for 
different subsets of indicators and z-score values are provided for each 
monitoring site in Cork Harbour and the probability curve for measured 
and predicted WQI values in figure S6.1 and S6.2. Fig. 10 shows the data 
differences between measured and predicted WQI values for subset S4. It 
can be seen from the figure below that 65% of the monitoring sites in 
lower Harbour Z-scores were found between ±1, whereas relative 
higher data differences were found at monitoring sites in outer Harbour 
(Fig. 10a). It can also be seen from the probability curve of measured 
[Fig. S6.1 (c2)] and predicted [Fig. S6.1 (c3)] WQIs that the S3 subset 
estimates are somewhat overestimated for many monitoring sites as the 
probability density curve of the Z-score ranged between ±2 whereas a 
Platykurtic shape for the probability distribution curve was observed for 

Fig. 7. Relationship between measured and predicted WQI scores based on the different subsets of indicators.  

Fig. 8. Results of DNN model efficiency for different subsets of water qual-
ity indicators. 

Table 5 
Summary of the Z-statistics for selecting robust indicators subset for estimating 
the WQM-WQIs with 95% confidence level at p < 0.05.  

Subsets Z-Statistics p-value 

S1 − 0.472 0.637 
S2 0.362 0.717 
S3 ¡0.087 0.93 
S4 0.085 0.932 
S5 0.423 0.668 
S6 0.857 0.391 
S7 0.274 0.784 
S8 0.2 0.838 
S9 0.818 0.413 
S10 1.804 0.071 
S11 0.426 0.67 
S12 0.204 0.838 
S13 0.068 0.945 
S14 1.119 0.263 
S15 − 0.382 0.702 

Bold indicate the least amount of data difference. 
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the S13 subset of indicators that indicate that fewer extreme positive or 
negative WQI values were predicted. Compared to subsets S3, S4 and 
S13, a relatively normal probability distribution curve shape was found 
for the subset S4 (measured and predicted WQI values) (Fig. 10b; 
Fig. 10c). 

However, the results of the Z-statistic indicate that the subset S4 
predicted the WQI values are statistically accurate at each monitoring 
sites in Cork Harbour. 

4.5.2. Comparison of various FS selection methods (subsets) 
For the purposes of the visual comparison of the performance of 

various FS techniques, the present study utilized the Taylor analysis and 
Error Bars technique. Fig. 11 shows the comparison results obtained 
from the WQM-WQI model for the various FS techniques using fifteen 
combinations (subsets) of water quality indicators. According to the 
thumb rule of the Taylor diagram, the subset S4 (RF) has a higher 

Table 6 
Ranking of various subsets based on different attributes of model performance measures.  

Subsets score based on 
prediction 
performance 
metrics (Table 4) 

score based on 
sensitivity (Fig. 7) 

score based 
on model 
efficiency( 
Fig. 8) 

score based on 
reliability ( 
Fig. S7) 

score base z 
statistics ( 
Table 5) 

score based on root mean 
square deviation and standard 
deviation (Fig. 11) 

cumulative score of 
various measures 

Rank 

training testing R2 NSE MEF ASRE Z Tylor statistics 

RMSE RMSE 

S1 15 6 8 6 6 4 11 8 64 7 
S2 8 15 14 13 13 10 7 13 93 12 
S3 7 12 12 10 10 9 3 11 74 10 
S4 6 5 2 2 2 5 2 2 26 1 
S5 5 3 11 9 9 15 10 10 72 9 
S6 4 8 6 8 8 11 13 6 64 7 
S7 3 11 10 7 7 8 6 9 61 6 
S8 2 2 15 14 14 7 4 14 72 9 
S9 1 1 9 12 12 12 12 7 66 8 
S10 14 14 13 11 11 3 15 12 93 12 
S11 13 4 4 3 3 1 9 6 43 3 
S12 12 10 3 4 4 5 5 4 47 4 
S13 11 13 1 1 1 5 1 1 34 2 
S14 10 9 7 5 5 2 14 8 60 5 
S15 9 7 5 15 15 14 8 3 76 11  

Fig. 9. Comparison of Z-statistics between measured and predicted WQIs for 
various subsets of indicators. Whereas red circles indicate, the data outliers and 
black solid lines inside the box refer to the median values of WQIs. 

Fig. 10. Results of the hypothesis test of WQI values for subset S4 water quality indicators: (a) Z-statistics estimation by monitoring sites; (b) Measured WQI values 
probability curve of Z-statistics; and (c) Predicted WQI values probability curve of Z-statistics. 
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correlation with a lower root mean square deviation and a lower stan-
dard deviation compared with fourteen other subsets of indicators. Ac-
cording to the findings of Taylor statistics, the WQM-WQI model’s 
performance was enhanced when the subset S4 indicators were used to 
evaluate the coastal water quality in Cork Harbour. 

In addition, the error bar results also reveals that there was no sig-
nificant statistical difference at 95% confidence interval (p < 0.05) be-
tween measured and predicted WQI values for the S4 subset in this study 
(Fig. 12). The results of this study suggest that the subset S4 indicators 
might be helpful for the accurate assessment of coastal water quality 
with the substantial improvement of the WQM-WQI model’s 
performance. 

4.6. Reliability results of the robust subset 

In order to assess the reliability of using WQ indicators (subset S4) 
for the WQM-WQI model, the ASRE technique was used to validate the 
model results in assessing coastal water quality. The robust subset S4 
contains eight indicators, including BOD5, DIN, DOX, MRP, pH, TEMP, 
TON, and TRAN (Table 2), that were obtained by the RF technique. 
Details of the ASRE results can be found in Fig. S7 for various subsets of 
indicators. Fig. 13 presents the reliability of the S4 subset indicators 
(Fig. 13a–h) and their impact on the WQM-WQI model (Fig. 13i). The 
results of ASRE indicate that the WQM-WQI model provided the most 
accurate and consistent results of water quality indicators in Cork 
Harbour. As shown in Fig. 13, the model error was significantly higher in 
the monitoring sites of the upper part than in other parts of the Harbour 
because, most of the indicators [DIN (Fig. 13b), MRP (Fig. 13c), TON 

(Fig. 13g) and TRAN (Fig. 13h)] breached the guidelines values, 
whereas relatively other parts of the monitoring sites were found within 
the permissible range. The ASRE values confirmed that the WQM-WQI 
model provided the most reliable and consistent results of water qual-
ity indicators for the subset S4 in Cork Harbour. The results also indicate 
that the quality of Harbour water was significantly degraded at most 
monitoring sites in the upper Harbour, while it improved in the lower 
and outer parts of monitoring sites. The findings of this study are in line 
with those earlier studies (Uddin et al., 2020a, 2022a, 2022d). In 
addition, it should be highlighted that larger ASRE (ASRE ≥2) suggested 
that the concentration level of the indicators at those monitoring sites 
had high (LE030, LE200, and LE410) [that means there were unex-
plained errors exist in the model estimates and/or in the predicted re-
sults due to the high pressures of anthropogenic activities in the upper 
part of the Harbour] and these indicators had a substantial impact on the 
WQM-WQI model for the evaluation of coastal water quality (Fig. 13i). 
In general, the Fig. 13(i) demonstrates that most of the sites with ASRE 
less than two, the model produces statistically reliable results in those 
sites except for the LE030, LE200, and LE410. 

For the assessment of the reliability of the RF technique, this study 
also utilized the Z-statistic measures using Wishker boxplot analysis 
according to Uddin et al. (2022a). Fig. 14 shows the details of Z-statistics 
for water quality indicators in Cork harbour. For all water quality in-
dicators of subset S4 (Fig. 14), the Z-statistic estimates were found to be 
between − 0.75 and 0.50. As shown in Fig. 14, most water quality in-
dicators are normally distributed, except for AMN, BOD5, CHL and 
TEMP over the study period. It is noted that all water quality indicators 
of subset S4 had significant outliers, except for the water pH. The results 
of Z-statistics indicate that most identical water quality indicators have 
been suggested by the subset of S4 excluding pH, whereas those in-
dicators had a significant impact on water quality in Cork Harbour. . The 
boxplot results also revealed that the AMN and CHL had a substantial 
impact on water quality, but the RF technique did not suggest this in-
dicator as the crucial one for this research. 

5. Assessment of water quality in Cork harbour 

The ultimate goal of the WQI model is to assess water quality using a 
certain classification scheme. The present study utilized the classifica-
tion scheme of Uddin et al. (2022a). Details of the classification scheme 
are provided in Table S10. A comparative assessment of water quality 
using various combinations of water quality indicators is presented in 
Fig. 15. Details of the assessment for each monitoring site’s water 
quality status can be found in Table S11. Most subsets of WQIs results 
have reported that water quality had three classes as "good", "fair", and 
"marginal" over the study period, except the subset of S1 (Fig. 15). Ac-
cording to the monitoring sites assessment results, good (31.2%), fair 
(65.6%), and marginal (3.2%) classes water quality was found in Cork 
Harbour for the robust combination of indicators (subset S4) (Fig. 15). 

For the determination of the spatial distribution of water quality in 
Cork Harbour, water quality maps were produced using WQI values for 
the robust subset (S4) indicators. Spatial distribution maps were 
generated using the empirical Bayesian kriging approach by utilizing 
advanced ArcGIS pro 2.8.7 because, recently, several studies have 
revealed that this technique is effective for geospatial interpolation of 
water quality (Uddin et al., 2018, 2021, 2022b). Fig. 16 shows the 
spatial distribution of WQI values (Fig. 16a) and monitoring sites water 
quality status (Fig. 16b) in Cork Harbour. As shown in Fig. 16a, higher 
WQI values were calculated for the lower and outer Harbour whereas 
relatively the lowest WQI values were found in upper part of the 
Harbour. The interpolated results revealed that there was a significant 
spatial variation of WQI values across the Cork Harbour. 

Fig. 16b shows qualitative assessment of monitoring sites water 
quality in Cork Harbour for the subset S4 indicators. The majority of the 
monitoring sites’ water was of "good" quality. In contrast, water quality 
declined at monitoring sites in the upper part of the Harbour over this 

Fig. 11. Comparison of various FS techniques performance by Taylor diagram.  

Fig. 12. Results of 95% confidence interval (CI) of WQM-WQIs scenarios for 
various subsets. 
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study period. Most monitoring sites in the lower and outer Harbour were 
associated with good water quality. In the river Owenacurra, a moni-
toring site found marginal water quality (Fig. 16b). The findings showed 
that the upper Harbour’s relatively poor water quality was a result of 
higher anthropogenic pressures like industrial effluents, domestic waste, 
and agricultural activities (farming, fishing, etc.) (Hartnett and Nash, 
2015; Uddin et al., 2022a, 2022d). The findings of the evaluation of the 
monitoring sites are consistent with the author’s earlier research (Uddin 
et al., 2020a, 2020b, 2022a, 2022b, 2022d). 

6. Conclusion 

The present study was carried out to identify the most robust algo-
rithm for selecting the best combination of water quality indicators to 
incorporate into a WQI model for evaluating coastal water quality. In 
total, nineteen FS algorithms were compared in order to calculate the 
WQI score in terms of reducing model uncertainty by optimizing crucial 

water quality indicators for assessing coastal water quality. The 
following conclusions were derived from the findings of this study:  

• The results of various FS techniques indicate that the embedded 
based tree algorithms (RF, and ExT) and filter based MI techniques 
are better than the commonly used filter methods (like as PCA, 
PCOR, etc.) for selecting the crucial water quality indicators. 

• For predicting coastal water quality appropriately, the DNN algo-
rithm outperformed eight other ML techniques.  

• The prediction results revealed that the model performance was 
significantly improved for the subsets of S4 (RF), S5 (MI/ExT), and 
S9 (RFE_RF).  

• In terms of reducing the WQM-WQI model uncertainty, Z-statistics 
also revealed that the tree-based RF technique might be reliable for 
selecting crucial water quality indicators that provided the actual 
water quality information to the final assessment.  

• The findings of this research suggest that the water quality indicators 
of subset S4 (BOD5, DIN, MRP, TEMP, pH, DOX, TON, and TRAN) 
could be effective for the improvement of the WQM-WQI model 
performance in order to assess coastal water quality. 

Moreover, the present study provides a comprehensive assessment of 
various FS algorithms in order to select important water quality in-
dicators. This study also helps to improve the WQI model performance, 
which could be an effective way to reduce model uncertainty in terms of 
coastal water quality assessment. Further studies should be carried out 
to analyse the spatiotemporal sensitivity of RF algorithms for selecting 
crucial water quality indicators. However, the result of this study pro-
vides important information to scholars, decision-makers, and water 
managers for the development of the WQI model and the adoption of a 

Fig. 13. Validating WQM-WQI model results for subsets of S4 indicators using absolute standardized residual estimate (ASRE) analysis (whereas, LB = lower bound 
and UB = upper bound of permissible limit). 

Fig. 14. Z-statistics for robust subset (S4) of water quality indicators.  
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suitable indicator selection method. 
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Fig. 15. Assessment of monitoring sites water quality in Cork Harbour using different subsets of indicators.  

Fig. 16. Assessment of water quality in Cork Harbour: (a) WQIs values for subset S4; and (b) monitoring sites water quality status.  
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Villalobos-Arias, L., Quesada-López, C., Guevara-Coto, J., Martínez, A., Jenkins, M., 
2020. Evaluating hyper-parameter tuning using random search in support vector 
machines for software effort estimation. In: PROMISE 2020 - Proc. 16th ACM Int. 
Conf. Predict. Model. https://doi.org/10.1145/3416508.3417121. Data Anal. Softw. 
Eng. Co-located with ESEC/FSE 2020 31–40.  

Xiong, Z., Cui, Y., Liu, Z., Zhao, Y., Hu, M., Hu, J., 2020. Evaluating explorative 
prediction power of machine learning algorithms for materials discovery using k-fold 
forward cross-validation. Comput. Mater. Sci. 171, 109203 https://doi.org/ 
10.1016/j.commatsci.2019.109203. 

Yan, J., Jia, S., Lv, A., Zhu, W., 2019. Water resources assessment of China’s 
transboundary river basins using a machine learning approach. Water Resour. Res. 
55, 632–655. https://doi.org/10.1029/2018WR023044. 

Yu, X., Shen, J., Du, J., 2020. A machine-learning-based model for water quality in 
coastal waters, taking dissolved oxygen and hypoxia in chesapeake bay as an 
example. Water Resour. Res. 56, 1–19. https://doi.org/10.1029/2020WR027227. 

Zaghloul, M.S., Achari, G., 2022. Application of machine learning techniques to model a 
full-scale wastewater treatment plant with biological nutrient removal. J. Environ. 
Chem. Eng. 10, 107430 https://doi.org/10.1016/j.jece.2022.107430. 

Zeinalzadeh, K., Rezaei, E., 2017. Determining spatial and temporal changes of surface 
water quality using principal component analysis. J. Hydrol. Reg. Stud. 13, 1–10. 
https://doi.org/10.1016/j.ejrh.2017.07.002. 

M.G. Uddin et al.                                                                                                                                                                                                                               

https://doi.org/10.1007/978-981-15-1735-8
https://doi.org/10.1007/978-981-15-1735-8
https://doi.org/10.1201/9781315372143-10
https://doi.org/10.1201/9781315372143-10
https://doi.org/10.1201/9781315372143
https://doi.org/10.1201/9781315372143
https://doi.org/10.1016/J.CSDA.2012.06.018
https://doi.org/10.1016/J.CSDA.2012.06.018
https://doi.org/10.1201/b18502-31
https://doi.org/10.1093/bioinformatics/btm344
https://doi.org/10.1093/bioinformatics/btm344
https://doi.org/10.1007/s42979-021-00815-1
https://doi.org/10.1007/s42979-021-00815-1
https://doi.org/10.1214/11-STS354
https://doi.org/10.1214/11-STS354
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref59
https://doi.org/10.1038/s41598-022-08486-5
https://doi.org/10.1038/s41598-022-08486-5
https://doi.org/10.1111/J.2517-6161.1979.TB01084.X
https://doi.org/10.1007/s10661-015-5050-0
https://doi.org/10.1007/s10661-015-5050-0
https://doi.org/10.1016/j.ecolind.2017.11.049
https://doi.org/10.1016/j.ecolind.2016.12.043
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref65
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref65
https://doi.org/10.1016/j.ecolind.2021.107790
https://doi.org/10.1016/j.ecolind.2018.09.025
https://doi.org/10.12691/env-5-2-2
https://doi.org/10.1016/j.gsd.2018.06.002
https://doi.org/10.1016/j.gsd.2018.06.002
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref70
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref70
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref70
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref71
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref71
https://doi.org/10.1016/j.ecolind.2020.107218
https://doi.org/10.1016/j.ecolind.2020.107218
https://doi.org/10.1016/j.watres.2022.118532
https://doi.org/10.1016/j.watres.2022.118532
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref74
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref74
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref74
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref74
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref74
http://refhub.elsevier.com/S0959-6526(22)05245-3/optasSuWc30cO
http://refhub.elsevier.com/S0959-6526(22)05245-3/optasSuWc30cO
http://refhub.elsevier.com/S0959-6526(22)05245-3/optasSuWc30cO
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref91
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref91
http://refhub.elsevier.com/S0959-6526(22)05245-3/sref91
https://doi.org/10.1016/j.watres.2022.119422
https://doi.org/10.1016/j.watres.2022.119422
https://doi.org/10.1016/j.psep.2022.11.073
https://doi.org/10.1016/j.psep.2022.11.073
https://doi.org/10.1016/j.jenvman.2022.115923
https://doi.org/10.1016/j.jbi.2018.07.014
https://doi.org/10.1016/j.jbi.2018.07.014
https://doi.org/10.1109/INMIC50486.2020.9318195
https://doi.org/10.1109/INMIC50486.2020.9318195
https://doi.org/10.1145/3416508.3417121
https://doi.org/10.1016/j.commatsci.2019.109203
https://doi.org/10.1016/j.commatsci.2019.109203
https://doi.org/10.1029/2018WR023044
https://doi.org/10.1029/2020WR027227
https://doi.org/10.1016/j.jece.2022.107430
https://doi.org/10.1016/j.ejrh.2017.07.002

	Assessing optimization techniques for improving water quality model
	1 Introduction
	2 Materials and methods
	2.1 Model application domain
	2.2 Data obtaining process
	2.3 Feature selection (FS) techniques
	2.4 Water quality index (WQI) model

	3 WQIs prediction approaches
	3.1 Input preparation
	3.2 Model hyperparameter optimization
	3.3 Development of prediction models
	3.4 Model evaluation
	3.5 Model efficiency analysis
	3.6 Statistical significance of robust subset of indicators
	3.7 Reliability analysis of the robust subset of indicator

	4 Results and discussion
	4.1 Water quality indicators statistical overview
	4.2 Comparison of various FS techniques
	4.3 Comparative analysis of WQM-WQI model for various scenarios of FS methods
	4.3.1 Selected key water quality indicators subsets
	4.3.2 Sub-index (SI) statistics of WQ indicators
	4.3.3 Different set of indicators weight values
	4.3.4 Aggregation results for various scenarios

	4.4 Analysis of prediction results for different subsets of indicators
	4.4.1 Model optimization results
	4.4.2 Prediction results and model performance analysis
	4.4.2.1 Sensitivity results of various subsets
	4.4.2.2 Model efficiency analysis


	4.5 Identification of robust subset indicators for the development of WQI model
	4.5.1 Results of statistical significance of FS techniques
	4.5.2 Comparison of various FS selection methods (subsets)

	4.6 Reliability results of the robust subset

	5 Assessment of water quality in Cork harbour
	6 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgement
	Appendix A Supplementary data
	References


