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A B S T R A C T   

Here, we present an improved water quality index (WQI) model for assessment of coastal water quality using 
Cork Harbour, Ireland, as the case study. The model involves the usual four WQI components – selection of water 
quality indicators for inclusion, sub-indexing of indicator values, sub-index weighting and sub-index aggregation 
– with improvements to make the approach more objective and data-driven and less susceptible to eclipsing and 
ambiguity errors. The model uses the machine learning algorithm, XGBoost, to rank and select water quality 
indicators for inclusion based on relative importance to overall water quality status. Of the ten indicators for 
which data were available, transparency, dissolved inorganic nitrogen, ammoniacal nitrogen, BOD5, chlorophyll, 
temperature and orthophosphate were selected for summer, while total organic nitrogen, dissolved inorganic 
nitrogen, pH, transparency and dissolved oxygen were selected for winter. Linear interpolation functions 
developed using national recommended guideline values for coastal water quality are used for sub-indexing of 
water quality indicators and the XGBoost rankings are used in combination with the rank order centroid 
weighting method to determine sub-index weight values. Eight sub-index aggregation functions were tested - five 
from existing WQI models and three proposed by the authors. The computed indices were compared with those 
obtained using a multiple linear regression (MLR) approach and R2 and RMSE used as indicators of aggregation 
function performance. The weighted quadratic mean function (R2 = 0.91, RMSE = 4.4 for summer; R2 = 0.97, 
RMSE = 3.1 for winter) and the unweighted arithmetic mean function (R2 = 0.92, RMSE = 3.2 for summer; R2 =

0.97, RMSE = 3.2 for winter) proposed by the authors were identified as the best functions and showed reduced 
eclipsing and ambiguity problems compared to the others.   

1. Introduction 

Surface water quality poses significant environmental, sociological, 
and economic risks in many parts of the world. As such, sustainable 
management of water resource has become a challenge of critical 
importance. Due to population growth, industrialisation and urbanisa-
tion observed over many decades, freshwater usage and wastewater 
production have significantly increased (Javed et al., 2017; Uddin et al., 
2018). Both human activities and natural processes have caused a 
continuous degradation of surface water quality in recent decades. Many 
countries have adopted a range of policies and guidelines to manage 
surface water quality and provide more effective water resource man-
agement in order to reverse this negative trend. Member states of the 

European Union (EU), for example, adopted the Water Framework 
Directive (WFD) in 2000 and it has been an effective instrument for the 
management of the quality of water and its ecosystem (Carsten Von Der 
Ohe et al., 2007; Zotou et al., 2018). The WFD envisaged the achieve-
ment of at least a "good environmental status" of all waterbodies such as 
coastal and transitional water, rivers and lakes by 2015 (Carsten Von 
Der Ohe et al., 2007; EPA, 2001). 

The WFD and other similar frameworks rely on assessment of water 
quality. In recent years a range of tools and techniques has been 
developed to assess the quality of surface waters and diagnose the health 
of aquatic ecosystems. Water quality index (WQI) models are an 
example. WQI models use mathematical algorithms to convert available 
water quality indicator monitoring data into a single number which can 
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be used as a measure of water quality. The method is relatively easy to 
apply and its results are easy to interpret by both professionals and non- 
experts (Abbasi and Abbasi, 2012; Nives, 1999; Sutadian et al., 2018; 
Uddin et al., 2021). WQI models typically consist of four components: 
water quality indicator selection, sub-indexing, indicator weighting and 
index aggregation. Over the years, some components of WQI models 
have been modified and/or newly developed. An extensive review of 
existing WQI models and their evolution is presented in Uddin et al., 
(2021) along with a critical discussion of model structures, applications, 
sources of model uncertainty and eclipsing problems. 

Indicator selection and sub-index weighting are two of the prime 
sources of uncertainty in the implementation of a WQI model (Sutadian 
et al., 2016; Uddin et al., 2021; Uddin et al., 2022a). Traditionally, both 
have been conducted based either on a literature review of the impor-
tance and contribution of a given indicator to the overall water quality 
(Lumb et al., 2011a) or on the opinions and judgements of experts 
(Sutadian et al., 2016; Uddin et al., 2021). However, these approaches 
have received much criticism as they are overly complex and rather 
subjective (Abbasi and Abbasi, 2012). They can lead to inclusion of 
irrelevant indicators or omission of important ones and to the attribution 
of weightings that are not truly reflective of real-world indicator 

Fig. 1. Map of Cork Harbour showing mean water depths (green areas are 
inter-tidal). 

Fig. 2. Monitoring and discharge locations in Cork Harbour.  

Table 1 
Guideline values of water quality indicators for coastal water quality.  

Indicator unit Standard threshold 
(summer) 

Standard threshold 
(winter) 

Lower Upper Lower Upper 

CHL(i) μg/l 0.0 14.2 0.0 14.7 
DOX(i) % sat 72 128 71 129 
MRP(i) mg/l P 0.0 0.057 0.0 0.059 
DIN(i) mg/l N 0.0 1.208 0.0 1.336 
AMN(ii) mg/l 0 1.5 0 1.5 
BOD5

(ii) mg/l 0 7 0 7 
pH(iii) - 5 9 5 9 
TEMP(ii) 0C - 25 - 25 
TON(iv) mg/l N 0.0 2 0.0 2 
TRAN(v) m/depth >1 - >1 - 

(i) ATSEBI standards, determine the standard values based on median value of 
Salinity (see details Toner et al. (2005), pp. 72–76). 
(ii) EPA (2001), recommended values for the surface water/freshwater/river 
water/aquatic life. 
(iii) Estuary Monitoring Manual for pH and Alkalinity, EPA, USA 
(iv) The European Communities (Quality of surface water intended for the 
abstraction of drinking water) regulations, 1989 (S.I. No. 294/1989). 
(v) Bathing Water Quality Regulations 2008, (S.I. No. 79/2008). 

M.G. Uddin et al.                                                                                                                                                                                                                               



Water Research 219 (2022) 118532

3

importance. Determination of weightings is particularly open to error; 
while a decisionmaker may be quite comfortable ranking indicators 
based on their relative importance; they will likely struggle with the 
precision imposed by the eliciting of exact weights. This is true even for 
a group of experts who may struggle to agree on a ranking of indicators 
never mind precise weightings. 

Recently, some studies have used more objective mathematical ap-
proaches for indicator selection such as logistic regression models 
(Uddin et al., 2022b; Ewaid et al., 2018; Feng et al., 2018; Huan et al., 
2020; Li et al., 2020; Wang et al., 2017) and machine learning algo-
rithms (Azhar and Thomas, 2019; Das et al., 2017; Jović et al., 2015; 
Momenzadeh et al., 2019). Here we use the extreme gradient boosting 
(XGBoost) machine learning algorithm to rank indicators based on their 
measured values and influence on water quality status. Indicator selec-
tion and weightings are then determined based on the ranking with the 
rank order centroid method used to attribute weights. 

Another important component of a WQI model is the sub-index 
function, which allows conversion of indicator concentrations into 

dimensionless values. Sub-index generation has been reported in several 
studies to be one of the main sources of uncertainty (Abbasi and Abbasi, 
2012) as the process can conceal the integral information of water 
quality (Lumb et al., 2011b; Sutadian et al., 2016; Uddin et al., 2021). To 
address these issues, sub-index functions were developed in this study 
using surface water quality guidelines adopted by the Environmental 
Protection Agency (EPA), Ireland. 

The final and most crucial component of a WQI model is the aggre-
gation function which determines the overall index. Various WQI ag-
gregation functions have been intercompared in the literature 
(Mladenović-Ranisavljević and Žerajić, 2018;Zotou et al., 2019) and 
significant variations in formulations has been found (Gupta et al., 2003; 
; Zotou et al., 2018). Several studies report that the aggregation function 
is another source of model uncertainty (Abbasi and Abbasi, 2012; 
Sutadian et al., 2016). In this study, eight aggregation functions 
(weighted and unweighted) are tested and their effects on WQI scores 
examined - five of the functions are commonly used in existing WQI 
models and three are proposed new by the authors. 

The aim of this research was to develop an improved, objective WQI 
methodology for assessing coastal water quality. To date, most WQI 
models have been developed for river and lakes and, to the best of our 
knowledge, no WQI models that have been specifically developed for 
coastal water quality assessment. The novel aspects of the research are 
the: 

(1) utilization of the XGBoost machine learning algorithm for selec-
tion of key water quality indicators for inclusion in the WQI  

(2) development of new sub-indexing functions specifically for 
coastal waters which convert water quality indicator data into 
dimensionless values without losing any information;  

(3) calculation of indicator weight values using mathematical 
formulae to reduce reliance on expert opinion;  

(4) determination of the most accurate aggregation function by 
comparing different weighted and unweighted functions; and 
finally,  

(5) development of a WQI method for assessing coastal water quality 
that is systematic, objective, and aided by machine learning. 

Table 2 
Sub-indexing functions for various water quality indicators.  

Indicators Conditions Sub-index 
functions 

BOD5, CHL, MRP, DIN, AMN, 
TON 

- Eq. (4) 

DOX (i) if DOX > 100 Eq. (5) 
(ii) if, DOX < 100 Eq. (6) 
(iii) if, DOX = 100 SI = 100 

pH (i) If, pH ≥ 5.0 and pH < 7.5 Eq. (5) 
(ii) If, pH > 8.5 and pH ≤
9.0 

Eq. (6) 

(iii) If, pH ≥ 7.5 and pH ≤
8.5 

100 

TEMP (i) If, TEMP ≤ 25 100 
(ii) If, TEMP > 25 0.0 

TRAN (i) If. TRAN < 1.0 Eq. (6) 

(ii) If. TRAN ≥ 1.0 100  

Table 3 
An overview of different WQI model aggregation functions and their components.  

Types of 
functions 

WQIs Models Aggregation functions Refs. 

(a) Weighted NSF index [Weighted 
Arithmetic Mean (WAM)] 

NSF =
∑n

i=1siwi (8) 
Gupta and Gupta (2021), Smith 
(1990) 

Weighted Quadratic Mean 
(WQM) 

WQM =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
i=1wis2

i

√

(9) Proposed by authors. 

SRDD index (modified 
additive function) 

SRDD =
1

100
(
∑n

i=1
SiWi)

2 (10) Bordalo et al. (2006), Carvalho 
et al. (2011) 

West Java WQI [Weighted 
Geometric Mean (WGM)] WJ =

∏n

i=1
si

wi (11) 

where si is the SI value for indicator i; wi is weight value of respective variables and n is the 
number of indicators. 

Sutadian et al. (2018) 

(b) 
Unweighted 

Root Mean Squared (RMS) 
RMS =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
s2
i

√

(12) 
Proposed by authors. 

Arithmetic Mean (AM) AM =
1
n
∑n

i=1
si (13) Proposed by authors. 

CCME Index 
CCME = 100 −

[ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
F1

2 + F2
2 + F3

2
√

1.732

]

(14) 

Where, F1, F2 and F3 are the factors that are estimated using the separate equation. The CCME 
details are discussed in Uddin et al. (2020). The divisor 1.732 used as a normalizing factor to 
ensure the resultant WQI is in the range of 0 to 100. 

Gupta and Gupta (2021),  
Hurley et al. (2012), Saffran 
et al. (2001) 

Hanh index 
WQIb =

[
1
n
∑n

i=1
qi ×

1
n
qj × qk

]1/3 

(15) 

Where, WQIb is the basic water quality index; qi is the subindex value of the organic; qj is the 
inorganic substance; qk is the subindex value of the biological or bacterial groups components; n 
is the number of components each group 

Pham et al. (2011)  
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The paper is structured as follows: Section 2 describes the study 
domain, Section 3 provides a concise description of materials and 
methods, Section 4 presents results and discusses the methodology, and 

Section 5 summarizes the main conclusions. 

2. Model study area – Cork Harbour 

Cork Harbour, located on the southwest coast of Ireland, was 
selected as the case study site. It is the largest natural harbour in Ireland 
and is a macro-tidal estuary with a typical spring tide range of 4.2 m at 
the entrance to the Harbour (Hartnett and Nash, 2015). Water depths 
are generally relatively shallow with much of the estuary having a depth 
of less than 5 m on spring tides. At low water, a major portion of the 
Harbour area is exposed to mudflats and sandflats (Fig. 1). The Harbour 
deepens towards the mouth in the main Channel to depths of about 30 
m. A number of rivers flow into the estuary, the largest being the River 
Lee which flows through Cork City and accounts for approximately 75% 
of the freshwater delivered to the estuary (Uddin et al., 2020). 

Cork Harbour is heavily populated and industrialized. Cork City, 
located at the mouth of the River Lee, is home to a population of 
approximately 125,000. When its immediate suburbs are included, the 
population rises to approximately 200,000 (Hartnett and Nash, 2015). 
The city is the industrial hub of the Irish southwest region and the sur-
rounding hinterlands are subject to relatively intense agricultural ac-
tivities which impact water quality in the region. Like much of Ireland, 
agriculture is widespread in the River Lee catchment, which covers an 
area of approximately 1,200 km2. Additionally, effluent discharges 
(Fig. 2) from seven wastewater treatment plants (WWTPs) which further 
impact water quality in the Harbour (EPA, 2016). For the purpose of 
regional evaluation, the Cork Harbour domain was divided into three 
regions delineated with the red lines in Fig. 1: (1) Upper Harbour 
(including River Lee, River Glashaboy, North Channel and River Owe-
nacurra), (2) Lower Harbour (including Passage West and Passage East) 
and (3) Outer Harbour (including River Owenboy and the main channel 
of the harbour). 

3. Materials and methods 

3.1. Data collation 

Water quality in Cork Harbour is monitored by the Irish EPA at 36 
stations as part of the national monitoring programme. The EPA have a 
comprehensive quality control/quality assurance system in place to 
ensure that data generated by the national monitoring programme are 
reliable and of sufficient accuracy and precision (see EPA (2021) for 
more detail). Water samples are typically gathered at approximately 
high and low tides on two dates during winter (October – March) and 
two dates during summer (April – September). 

This study used data from 29 of the 36 monitoring stations (Fig. 2) 
for the calendar year October 2019 – September 2020; the stations were 
selected based on availability of a full suite of water quality indicator 
data and coverage of the full extents of the Harbour. For consistency, 
only samples taken from 1 m below the water surface were used. 

Data for eleven water quality indicators were available: salinity 
(SAL), water temperature (TEMP), pH, transparency (TRAN), dissolved 
oxygen (DOX), biological oxygen demand (BOD5), total organic nitrogen 
(TON), ammoniacal nitrogen (AMN), dissolved inorganic nitrogen 
(DIN), molybdate reactive phosphorus (MRP), and chlorophyll-a (CHL) 
(as a measure of algae). Data were depth-averaged and seasonal average 
concentrations of the water quality indicators were obtained by calcu-
lating the mean of the measurements in a particular season (summer or 
winter). This produced singular summer and winter values for each in-
dicator at each station (see Annex 1(a) and 1(b) for values). 

3.2. Methodology for WQI model development 

The WQI model consists of four components: (a) indicator selection 
process, (b) sub-index function, (c) indicator weighting process and (d) 
aggregation function. These are now described for the developed 

Table 4 
Classification schemes of different WQI models.  

WQI model Classification schemes 

NSF index (1965) (1) excellent (90 - 100) 
(2) good (70 - 89) 
(3) medium (50 - 69) 
(4) bad (25 - 49) 
(5) very bad (0 - 24) 

SRDD Index (1970) (1) clean (90 - 100) 
(2) good (80 - 89) 
(3) good with treatment (70 - 79) 
(4) tolerable (40 - 69) 
(5) polluted (30 -39) 
(6) severely polluted (20 - 29) 
(7) piggery waste (0 - 19) 

CCME (2001) (1) excellent (95 – 100) 
(2) good (80 – 94) 
(3) fair (65 – 79) 
(4) marginal (45 – 65) 
(5) poor (0 – 44) 

Hanh Index (2010) (1) excellent (91 - 100) 
(2) good (76 - 90) 
(3) fair (51 - 75) 
(4) marginal (26 - 50) 
(5) poor (<25) 

West Java Index (2017) (1) excellent (90 - 100) 
(2) good (75 - 90) 
(3) fair (50 - 75) 
(4) marginal (25 - 50) 
(5) poor (5 – 25)  

Table 5 
Proposed a new classification scheme for assessing coastal water quality using 
WQI model.  

Classifications 
scheme 

Range of 
score 

Descriptions 

(i) Good 80 - 100 Good waterbodies are those that meet the 
guidelines’ values. Water quality is maintained 
and is suitable for all uses. 

(ii) Fair 50 - 79 Waterbodies that a few indicators meet the 
guidelines values; water quality is usually 
protected with a minor degree of impairment. 

(iii) Marginal 30 – 49 The majority of water quality indicators failed to 
meet the criteria; water quality is unprotected, 
which may be posing a risk for aquatic life. 

(iv) Poor 0 - 29 Poor waterbodies are those that fail to meet all of 
the criteria. Water quality is completely 
unprotected and unsuitable for many specifics 
uses  

Table 6 
Optimized XGBoost hyperparameter values.  

Model hyperparameters Optimum hyperparameter value 
Summer Winter 

nrounds 3400 600 
learning rate 0.05 0.01 
max.depth 10 6 
gamma 0 0 
subsample 0.4 0.95 
colsample_bytree 1 1 
cv.folds 5 5 
training accuracy 0.96 1 
testing accuracy 0.67 1  
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methodology. 

3.2.1. Indicator selection process 
Machine learning techniques use programmed algorithms that 

analyse input data (or features) to predict output values within an 
acceptable range of accuracy. In doing so, they attribute relative 
importance to input variables based on their influence on model output 

and can therefore potentially be used for identifying significant water 
quality indicators from datasets (Chen et al., 2020; Muttil and Chau, 
2007). In this study, an initial assessment of four machine-learning al-
gorithms including (1) decision tree, (2) random forest, (3) Boruta, and 
(4) XGBoost was performed using the Cork summer data as the test 
dataset. As explained in the next section, the water quality indicator data 
were used as the model input and a computed water quality status based 
on the indicator data was the desired model output. XGBoost achieved 
the highest prediction accuracy for water quality status - 97% compared 
to 92% for random forest, 79% for Boruta and 72% for decision tree – 
and was therefore chosen for the WQI indicator selection process. 

XGBoost is a widely used ensemble machine learning technique that 
uses a gradient boosting framework (Naghibi et al., 2020; Tanha et al., 
2020). It is one of the most commonly used machine learning algorithms 
due to lower prediction errors compared to other algorithms (Islam 
Khan et al., 2021). Unlike regular machine learning techniques, which 
train a single model, or an ensemble of models in isolation of each other, 
boosting techniques train models in succession with each new model 
being trained to correct the errors of the previous ones and then added to 
the ensemble model. Gradient boosting techniques specifically train new 
models to predict the residuals (errors) of previous models (Ogutu et al., 
2011). A number of studies have utilized XGBoost to extract the key 
variables of water quality for developing models (Huan et al., 2020; 
Naghibi et al., 2020). Here, we implemented the XGBoost algorithm for 
selection of important indicators using the approach of Huan et al., 
(2020); this involved the following four steps. 

Table 7 
5 Folds cross-validation results of the XGBoost model.  

Temporal variation Iteration Training Validating 

RMSE AUC RMSE AUC 

Mean Std. Mean Std. Mean Std. Mean Std. 

summer 1 0.241 0.042 0.98 0.026 0.379 0.040 0.81 0.01 
2 0.163 0.067 0.98 0.026 0.375 0.056 0.81 0.01 
3 0.163 0.067 0.98 0.026 0.375 0.057 0.81 0.01 
4 0.164 0.067 0.98 0.026 0.375 0.057 0.81 0.01 
5 0.164 0.067 0.98 0.026 0.375 0.058 0.81 0.01 

winter 1 0.199 0.002 1.0 0 0.239 0.074 0.98 0.05 
2 0.115 0.011 1.0 0 0.172 0.114 0.98 0.05 
3 0.116 0.010 1.0 0 0.175 0.110 0.98 0.05 
4 0.118 0.011 1.0 0 0.177 0.109 0.98 0.05 
5 0.118 0.011 1.0 0 0.177 0.108 0.98 0.05  

Fig. 3. Plot of loss function against number of iterations for training and testing.  

Table 8 
XGBoost ranking of ‘important’ water quality indicators by gain score for sum-
mer and winter.  

Temporal variability Indicators Features selection criteria 

Importance  

TRAN 0.439  
DIN 0.240  
TEMP 0.085 

Summer (2019) CHL 0.083  
AMN 0.079  
MRP 0.029  
BOD5 0.022  

TON 0.9253  
DIN 0.0629 

Winter (2019) pH 0.0111  
TRAN 0.0003  
DOX 0.0002  
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3.2.1.1. Input Data. Ten water quality indicators were used as inputs to 
the XGBoost model. Salinity, although not used as a direct model input, 
was used for obtaining the standard threshold values of coastal water 
quality. The summer and winter data for the ten water quality indicators 
at the 29 monitoring stations were used to determine a water quality 
status at each station which was used as the desired XGBoost output. 
Water quality status was determined by comparing measured data 
values with the recommended water quality standards given in Table 1. 
Where coastal water quality standards were available, site specific 
values were determined using median salinity values and the Irish EPA’s 
Assessment of Trophic Status of Estuaries and Bays in Ireland (ATSEBI) 
system (see Toner et al. (2005) for details). Where coastal water quality 
standards were not available, the most appropriate bathing or surface 
water quality standards were used instead. In Annex 1(c), the detailed 
applicable values of each of the criteria for the entire range of salinities 
are tabulated. By comparing measured values with the standard values, 
an initial water quality status was determined using a simple binary 
function. If all water quality indicator values met the guideline values, 
the water quality status was assigned a binary value of 0 indicating 
‘unpolluted’; if any water quality indicator failed to meet the guideline 
values, then a binary value of 1 was assigned indicating ‘polluted’ status. 
The water quality data and associated water quality status for each 
monitoring station are presented in Annex 1(a) and 1(b). 

3.2.1.2. Model validation. Evaluating the performance of a machine 
learning algorithm requires the use of different train and test datasets. 
The input data were therefore randomly split into two groups: a training 
group containing data from 23 (80%) stations and a testing group con-
taining data from the remaining 6 (20%) stations. The simplest method 
of evaluation of model performance uses one training dataset and one 
test dataset, but this can result in high variance and over-fitting. Over- 
fitting is a major concern for machine learning algorithms. It occurs 
when the model fits overly closely to its training data (including noise or 
random fluctuations) and cannot then perform well when applied to 

other unseen data, thus yielding poor model accuracy. k-fold cross- 
validation can be used to protect against over-fitting (Ghatak, 2017; 
Natekin and Knoll, 2013). This involves dividing the input data set 
randomly into k number of segments, or folds. One segment of data is 
reserved for testing the performance of the model while all other seg-
ments are used for training. A model is then fit to the training data and 
subsequently used to predict the test data. This is repeated k number of 
times using a different segment as the training data each time until each 
segment has served as both a training and test dataset. The overall model 
performance is taken as the average of each fold’s results. A 5-fold 
cross-validation technique was employed here to reduce variance and 
the risk of over-fitting. 

3.2.1.3. XGBoost hyperparameter tuning. In machine learning, hyper-
parameters are parameters whose values control the learning process 
and must be tuned for each application. The grid search optimization 
method was used to adjust XGBoost’s hyperparameters to increase 
model prediction accuracy (Huan et al., 2020; Touzani et al., 2018). A 
grid of different combinations of hyperparameter values was con-
structed. Models were developed for each point of the optimisation grid 
and the RMSE of model predictions calculated using Eq. (1). 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(1)  

where n is the number of pairs of observed/predicted water quality 
status (i.e. the number of monitoring stations), yi is the observed status 
(determined in step (i)) and ̂yi is the XGBoost model-predicted value. For 
each optimisation grid point, the average RMSE was calculated across 
the 5-folds of the k-fold cross-validation and the optimal grid point (and 
thus best combination of hyperindicator values) was identified as that 
with the smallest RMSE. The optimized indicators determined for this 
study are listed in Table 6 while Table 7 shows the average RMSEs for 
each of the five folds of the final optimised model. 

Fig. 4. Whisker plot analysis of water quality indicators showing outlier attributes. Note: S and W on x-axes indicate summer and winter.  
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3.2.1.4. Indicator importance. XGBoost can rank features based on their 
relative importance. It determines the importance of a feature using the 
model’s structural gain at each segment of a decision tree (Malohlava 
et al., 2017; Touzani et al., 2018). The more a feature is used to make key 
decisions within a decision trees, the higher its relative importance. For 
a single decision tree, T, Breiman et al. (1984) proposed the following 
equation to estimate the importance of a feature Xl (see Hastie 2009): 

I2
l (T) =

∑j− 1

t=1
î

2
t I(v(t)= l), (2)  

where ̂i
2
t is the maximal improvement in squared error risk for each node 

splitting, j is the number of leaf nodes in the XGBoost decision tree, v(t) is 

the variable used to partition the region associate with each node t, and 
I2
l (T) for a particular feature is the sum of the improvement in squared 

error risk over all internal nodes for which that feature was chosen as the 
splitting variable. The global importance of a feature can then be easily 
estimated by averaging the feature importance across all decision trees 
as: 

Î
2
l =

1
M

∑M

m=1
I2

l (Tm), (3)  

where Î
2
l is the averaged value of the feature importance measure (I2

l ) 
across all M decision trees in the model. 

Fig. 5. Summer SI values versus corresponding indicator value for every station for each water quality indicator. Each black dot represents the SI value calculated for 
the particular indicator at one of the 29 monitoring stations. 
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3.2.2. Establishing sub-index rules 
Sub-index (SI) rules are used to transform the measured values of 

water quality indicators into dimensionless values, generally using a 
scale of 0-100 with 0 and 100 indicating poor and excellent status of the 
indicator, respectively. Many researchers have found that SI functions 
have significantly contributed to WQI model uncertainty (Abbasi and 
Abbasi, 2012; Sutadian et al., 2016), thus, sub-indexing is a crucial step 
in WQIs. A range of techniques have been used to generate SI values for 
water quality indicators (see Uddin et al. (2021) and Sutadian et al. 
(2016) for examples). A number of WQI models use interpolation 
techniques to establish SI values using limits set by recommended 
guideline values from legislative standards (Uddin et al., 2021), while 
others directly use the actual indicator concentration as the SI value ei.g 
Dinius (1987) and Said et al. (2004). 

For all water quality indicators, excluding TEMP, we developed 
linear interpolation rescaling functions Eqs. (4)–((6)) to compute SI 

values using the threshold guideline values presented in Table 1. For 
TEMP, we applied a binary rule. Table 2 shows how SI values are 
determined in combination with Eqs. (4)–(6). 

SI = (SI u − SI l) −
(SI u × WQm)

(STDu − STDl)
(4)  

SI =

(
WQim − STDl

)

(STDu − STDl)
× SI u (5)  

SI = (SI u − SI l) −

(
WQim − STDl

)

(STDu − STDl)
× SI u (6) 

In Eqs. (4)–(6), SI l and SI u are the lower and upper limits of possible 
SI values (0 and 100, respectively), STDl and STDu are the lower and 
upper threshold values, and WQm is the measured water quality indi-
cator concentration. 

Fig. 6. Statistical summary of calculated SI values of selected important water quality indicators in Cork Harbour.  

Table 9 
Ranks and weight values of water quality indicators.  

Summer (2019) Winter (2019) 
Indicators Rank Weight Indicators Rank weight 

TRAN 1 0.370 TON 1 0.45 
DIN 2 0.228 DIN 2 0.257 
TEMP 3 0.156 pH 3 0.157 
CHL 4 0.109 TRAN 4 0.090 
AMN 5 0.073 DOX 5 0.040 
MRP 6 0.044 Sum of weight 1.0 
BOD5 7 0.020    
Sum of weight 1.0     

Fig. 7. Range of WQI scores computed throughout Cork Harbour by eight different aggregation functions for summer and winter. The horizontal dashed lines 
indicate the scores used to classify water quality (see Table 5). The circle indicates the mean score and the solid black line in each box is the median WQI score. 

Table 10 
Criteria for the determination of eclipsing problem in WQI model.  

Quality status Expected number of breaches of indicator guideline values 

Good 0 
Fair 1-2 
Marginal 3 
Poor >3 

* The term "criteria" refers to the threshold value of standard guideline. Details 
are given in Table 1 above. 
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3.2.3. Obtaining indicator weight values 
Indicator weight values should reflect the relative importance of the 

water quality indicators included in the WQI. Here, a novel, objective 
weighting approach is employed combining two processes: (i) the 
XGBoost ranking of indicators; and (ii) the Rank Order Centroid (ROC) 
weights method which is used to attribute weightings based on rank. 
This combined approach is fundamentally different from the more 
subjective methods (e.g. expert opinion) used in the literature and 
designed to reduce the risk of eclipsing caused by inappropriate 
weightings. The ROC approach is a relatively simple way of assigning 
weights to a ranked list of items. It takes the ranks as inputs and converts 
them to weights. The maximum error of the weights is minimised by 
identifying the centroid of all possible weights whilst maintaining the 
rank order (Roszkowska, 2013). The method has been used extensively 
for solving multi-criteria decision-making problems in a range of sci-
entific research. The ROC weights of a set of N variables, ranked from i 
= 1 to N, are calculated according to: 

wi =
1
N

∑N

i=1

1
i

(7)  

3.2.4. Aggregation process 
Aggregation is the final stage of a WQI model. Its purpose is to 

convert multi-indicator water quality information into a single value 
that expresses the overall status of water quality. Three categories of 
aggregation functions are commonly used in WQI modelling: weighted, 
unweighted and multiplicative functions (Lumb et al., 2011a; Sutadian 
et al., 2018). Several studies have addressed WQI model uncertainty 
issues related to aggregation functions (Smith, 1990). In this research, 
the performances of eight different aggregation functions were 
compared. Functions from five existing WQI models were selected: (i) 
National Sanitation Foundation (NSF) index, (ii) Scottish Research 

Development Department (SRDD) index, (iii) Canadian Council of 
Ministers of the Environment (CCME) index, (iv) Hanh index and (v) 
West Java (WJ) index, and three new functions were proposed: (i) 
weighted quadratic mean (WQM), (ii) arithmetic mean (AM), and (iii) 
root mean square (RMS), to compare with the traditional aggregation 
approaches and help select the best method for calculating WQI values 
in terms of addressing the existing problems in WQI models. Table 3 
provides an overview of the aggregation functions and their properties. 

3.2.5. WQI model score interpretation 
The final output of the WQI model is a numerical score (the index) 

that typically ranges from 0-100. The score is commonly interpreted 
with the help of a classification scheme that defines classes of water 
quality. Classification schemes vary between models with different 
models sometimes assigning different classes of water quality for the 
same score. Table 4 shows the classification schemes of the five models 
whose aggregation functions were tested. To enable comparison of the 
aggregation functions, we proposed a new classification scheme which 
could be applied to the scores from all of the aggregation functions. 
Table 5 presents the classification which comprises four classes of water 
quality ranging from good to poor with higher index scores indicating 
better water quality. The new classification scheme was developed by 
analysing the classifications and corresponding index intervals for 
schemes in Table 4 and attempting to generalize these. For example, 
‘poor’ status in the new scheme has a range of 0-29. The upper limit here 
was guided by the corresponding upper limits of 24 for ‘very bad’ in 
NSF, 29 for ‘severely polluted’ in SRDD, 44 for ‘poor’ in CCME, 25 for 
‘poor’ in Hanh and 25 for ‘poor’ in West Java. 

3.3. Analysis of WQI model sensitivity 

The multilinear regression (MLR) technique was used to assess the 

Table 11 
Numbers of stations at which eclipsing occurred for each WQI function. The number in brackets indicates how many of the total were overestimation eclipsing.   

Weighted Unweighted  

NSF WQM SRDD WJ RMS AM Hanh CCME 

Summer 12 (0) 10 (1) 19 (5) 17 (6) 5 (2) 7 (0) 9 (0) 12 (12) 

Winter 25 (8) 7 (0) 26 (0) 22 (6) 10 (3) 2 (0) 8 (1) 13 (8) 

Total 37 (8) 17 (0) 45 (5) 39 (12) 15 (5) 9 (0) 17 (1) 25 (20)  

Fig. 8. Correlation coefficients among WQI methodologies.  
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level of sensitivity in the WQI models. This technique has been 
employed in several water quality studies to investigate the effect of 
model predictors on the response. The approach involved the prediction 
of WQI scores using both MLR and the aggregation functions and com-
parison of the results using the coefficient of determination or R2 value. 

To predict WQI values using MLR, the same indicators and values 
included in the WQI model were used. i.e. seven indicators for summer 
and five indicators for winter. 

MLR analysis was carried out using regression learner apps in 
MATLAB 2021b to develop the besting fitting MLR function of the 

Fig. 9. Monitoring location based WQI results of different WQI models in Cork Harbour: The black solid line represents the poor class; the red solid line indicates the 
maximum range of the potentially poor class; the green solid line refers to Fair water. The purple solid line denotes the good status of water quality. 
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following form: 

y = b0 + b1x1 + b2x2 + …bnxn (8)  

where y is the MLR-predicted WQI score, xn is the MLR input value for 
the nth water quality indicator, b0 is the regression constant, and bn is the 
regression coefficient for the nth indicator. To compare with unweighted 
WQI functions, xn in Eq. (16) was simply set to the corresponding sub- 
index value (SIn) whereas, to compare with weighted functions, sub- 
index values were multiplied by their corresponding weights, i.e. xn =

SIn.wn. 
Once the MLR-WQI scores were predicted, scatter plots were pro-

duced to visualize the relationship between the original and MLR- 
predicted WQI scores and obtain the R2 from the linear fit model to 
analyse the sensitivity of WQI model. Three other common statistical 
measures of model performance were also used to help assess model 
sensitivity and uncertainty; these were (i) root mean squared error 
(RMSE), (ii) mean absolute error (MAE), and (iii) mean squared error 
(MSE), defined as follows. 

MAE =
1
n
∑n

i=1
|yi − ŷi | (9)  

MSE =
1
n
∑n

i=1
(yi − ŷi)

2 (10)  

R2 = 1 −

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ŷ)2 (11)  

where ŷ is the mean of the predicted values. 

4. Results and discussion 

The following sections present results from the XGBoost model 
validation exercise, the various stages of the WQI model process, and 
comparative analysis of the eight aggregation functions assessed. 

4.1. XGBoost Validation 

Table 6 shows the final tuned hyperparameter values for the XGBoost 
model obtained using the grid-search optimization method. These were 
the combination of hyperparameters that resulted in the lowest RMSEs 
between the predicted and observed water quality statuses; the average 
RMSEs are presented in Table 7 for each of the five folds of the final 
optimised model. A maximum tree depth of 10 was used for the summer 
analysis, and 6 for winter, to increase the maximum effects of 

Fig. 10. Spatial distribution of simulated WQI scores in Cork Harbour for different WQI models during summer.  
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Fig. 11. Spatial distribution of simulated WQI scores in Cork Harbour for different WQI models during winter.  

Fig. 12. Standard deviations (SD) of WQI models in Cork Harbour.  
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interactions between variables. A learning rate of 0.05 and 0.01 were 
applied for 3400 and 600 trials for summer and winter, respectively. 
Whereas model training and testing accuracy was found to be 0.96 and 
0.67 for the summer, and 1 for both the winter respectively which are 
acceptable levels of accuracy. 

Another measure of model performance is the AUC-ROC (area under 
the curve - receiver operating characteristics) curve (Feng et al., 2018; 
Huan et al., 2020). Of particular interest is the AUC value, with a value 
of 1 indicating an excellent model and 0 indicating a poor model 
(Walter, 2005). Table 7 shows the AUC values for the 5 folds of the 
optimised model. For both the summer and winter seasons, the AUC was 
estimated 0.98 and 1, respectively, for all of the training iterations. 

The log loss error is a commonly used probability-based metric 
which can be plotted for each model iteration to produce a model 
learning curve which shows how model performance varies with each 
iteration. Fig. 3 presents the model learning curves for the training and 
test datasets for both summer and winter for the optimized model. The x- 
axis shows the number of iterations of trees added to the ensemble and 
the y-axis shows the log loss of the model. As desired, the log loss error 
reduces with each iteration showing improved model performance. Both 
figures show that the model performance is better during training (blue 
line) than testing (red line), as would be expected. The test model per-
formance is better for the winter season, but the summer performance is 
also acceptable. 

4.2. Analysis of WQI model components 

This section of the study presents results from each of the WQI’s four 

model components to demonstrate the application of the proposed 
methodology to Cork Harbour. 

4.2.1. Indicator selection 
The validated XGBoost model was used to select water quality in-

dicators for inclusion in the WQI of Cork Harbour based on their relative 
importance in terms of contribution to water quality status. XGBoost 
outputs an ‘importance’ matrix with a number of different importance 
metrics. One of these metrics, the importance score, is used here to rank 
indicators as it implies the relative contribution of the respective in-
dicators to the model calculated by taking each indicator’s contribution 
for each tree in the model. 

Table 8 shows the relative importance results obtained from the 
XGBoost algorithm. Seven of the ten water quality variables were 
determined as important for summer, and five were deemed important 
for winter. The highest importance scores obtained for summer were 
TRAN, DIN, TEMP and CHL whereas the lowest importance scores were 
calculated for AMN, MRP and BOD5. For winter, the highest importance 
values were obtained for TON and DIN and the lowest for TRAN and 
DOX. While the selection of indicators was broadly in line with those of 
previous studies (Chen et al., 2020; Nong et al., 2020; Wu et al., 2021), 
most WQI studies have previously assigned the highest priority to DOX; 
however, this key difference is likely due to the fact that most previous 
studies were focussed on fresh waterbodies while this one is focussed on 
marine waters. 

4.2.1.1. Reliability of XGBoost output using outlier detection analysis. 
Fig. 4 provides a statistical overview of the summer and winter indicator 

Fig. 13. Comparison between predicted and actual WQI scores based on the testing dataset of different weighted WQI models in Cork Harbour during summer: (a) 
NSF, (b) SRDD, (c) West Java, (d) WQM. 
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values input to the XGBoost model. These variables obviously have 
impact on water quality in Cork Harbour over the study period. 
Comparatively, a significant statistical difference was found in water 
quality variables between seasons in Cork Harbour. The maximum 
standard deviation was found for CHL, DOX, DIN and TON for summer, 
while it was observed for DOX, DIN and TON for winter. This means 
these indicators’ concentrations are not distributed evenly in Cork 
Harbour over the monitoring periods. 

For the determination of water quality indicator impacts on the 
XGBoost model, outlier detection analysis was carried out on the water 
quality dataset. Fig. 4 presents the results of the Whisker box-plots 
analysis for detecting data outliers of the model input variables. 
Outlier results were validated using Dixon’s Q test (see Rorabacher 
(1991) for details) because this technique is widely used in statistics for 
the identification and rejection of outliers. As shown in Fig. 4, CHL, 
DOX, BOD5, pH, and TEMP are normally distributed during summer 
while DOX, DIN, AMN, pH, TEMP, TON and TRAN are normally 
distributed during winter. These water quality indicators had a signifi-
cant positive effect on the XGBoost model and these indicators meet with 
the coastal water quality standard values. On the other hand, outliers 
were detected for MRP, DIN, AMN, TON and TRAN during summer and 
for CHL, MRP and BOD5 in winter. The outlier results indicate that these 
water quality indicators had extremely negative impacts on water 
quality in Cork Harbour. Consequently, the average WQI value in Cork 
Harbour decreases due to these variables. But, as can be seen from 
Table 8 (above), XGBoost does not regard TON as a critical variable for 
the summer season nor CHL, BOD5, and MRP for the winter season. 
When the results are compared to the standard values of coastal water 

quality, it is seen that the XGBoost algorithm does not completely 
accurately identify the most influential indicators of water quality. 
Although the XGBoost algorithm is widely used in machine-learning 
techniques for selecting critical attributes in a dataset, these results 
show that it should be used with care when identifying critical water 
quality indicators. 

4.2.2. SI function 
Fig. 5 shows the summer SI values calculated using Eqs. (4)–(7) for 

all ten water quality indicators at all of the monitoring stations. Each 
black dot represents the SI value at a particular station for the particular 
indicator. SI = 100 indicates excellent water quality while SI = 0 in-
dicates the poorest water quality. The values are presented in tabular 
form in Annex 1(f) and 1(g). 

A number of studies have revealed that the sub-indexing method is 
one of the major contributors to uncertainty in WQI models (Abbasi and 
Abbasi, 2012; Sutadian et al., 2018; Juwana et al., 2016; Uddin et al., 
2021). Commonly, uncertainty is produced by the SI method when it 
estimates smaller values without any input indicators exceeding the 
critical indicator thresholds. Another complication arises when the SI 
function estimates higher values for input indicators that exceed the 
critical indicator thresholds. These types of problems are well known as 
ambiguity in WQI models. To avoid model ambiguity from this step, the 
present research proposed three SI functions that were implemented 
based on appropriate coastal water quality standards. Comparison of the 
SI graphs in Fig. 5 with the SI functions and standards in Table 2 show 
that a larger SI value is only calculated when the actual concentration of 
the indicator fall below, or within, the permissible thresholds; 

Fig. 14. Comparison between predicted and actual WQI scores based on the testing dataset of different unweighted WQI models in Cork Harbour during summer: (a) 
CCME, (b) Hanh, (c) RMS and (d) AM. 
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otherwise, a smaller SI value is calculated. 
The SI results obtained from Eqs. (4)–(6) can be compared using the 

statistical summary in Fig. 6. A significant difference was found between 
the summer and winter SI values. Relatively, higher SI values were ob-
tained during summer than winter. Looking at the individual indicators, 
the largest ranges were found for TRAN, DIN, and CHL during summer, 
and for TRAN, DIN, and TON during winter. TRAN had the greatest 
range of variation, ranging from 0 to 100 with an average and standard 
deviation of 68 ± 46 and 58.6 ± 49 for the summer and winter seasons, 
respectively. DIN values ranged from 0 to 97 in the summer and 0 to 87 
in the winter, with an average and standard deviation of 43.4 ± 43 in the 
summer and 21.4 ± 31 in the winter. CHL summer values ranged from 
27 to 93, with an average and standard deviation of 62.5 ± 22, while 
TON winter values ranged from 0 to 93 with an average and standard 
deviation of 30.6 ± 35. Regarding spatial variation of SI in the Harbour, 
SI values were lower in the upper and lower Harbour and higher in the 
outer Harbour (Annex 1(f) – 1(g)). This is as expected as Fig. 2 shows 
that all of the WWTPs that discharge effluent to the harbour are located 
in the upper and lower harbour regions. Taken as a whole, the results of 
SI functions appear to reflect the true state of the water quality in-
dicators in Cork harbour. The SI functions presented here are funda-
mentally different from existing SI procedures in the literature, because 
they are developed specifically for coastal water quality. 

4.2.3. Weight factor 
Table 9 presents the weights calculated for the ranked indicators 

using the ROC method. The weights follow the same order as the 

rankings of model indicators with TRAN, DIN, TEMP and CHL having 
the largest weight values for the summer, and TON, DIN and pH having 
the highest weight values for winter. The weighting method used here 
should reduce model uncertainty compared to other models which use 
weightings based on expert opinions. 

4.2.4. Aggregation function WQI scores 
Eight different aggregation functions were used to calculate WQI 

values in this study. The aggregation functions were classified into two 
types for analysis: (i) weighted functions and (ii) unweighted functions. 
Fig. 7 shows the range of WQI scores computed by each function 
throughout Cork Harbour for the summer and winter periods. As might 
be expected, WQI values were significantly different between functions. 

The effect of using a weighting in the aggregation function is very 
clear. In general, the weighted functions produced a much greater 
spread of scores and lower mean scores in both summer and winter. The 
weighted functions appear to be much more sensitive to the input water 
quality values. Directly comparing the NSF scores which uses a weighted 
arithmetic mean (WAM) function with those from the unweighted 
arithmetic mean function (AM), the same observations can be made. 
With the exception of the Hanh function, weighted function scores 
showed much greater seasonal variation than the unweighted function 
scores, again indicating that the weighted functions are more sensitive 
to the input water quality values. Finally, the CCME model function 
appears to be highly insensitive to variations in the input water quality 
data. It produced very similar scores for both summer and winter and 
very little variation in scores across the harbour. This may be due to 

Fig. 15. Comparison between predicted and actual WQI scores based on the testing dataset of different weighted WQI models in Cork Harbour over the winter: (a) 
NSF, (b) SRDD, (c) West Java, (d) WQM. 
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eclipsing problems. 
Commonly, the eclipsing problem occurs due to overestimation of 

the WQI index by the aggregation function. Most commonly, eclipsing 
occurs when some water quality indicator values exceed their critical 
levels, but the overall index does not reflect this. The extent to which 
eclipsing affected the aggregation functions was determined by checking 
compliance of the water quality measurements for the indicators 
included in the WQI models with their guideline values to determine the 
numbers of breaches of the guideline values at each monitoring station. 
These numbers were then compared with the typical number of breaches 
of recommended guideline values that might be expected for a WQI 
classification (Table 10). For example, one would not expect any breach 
of guideline values for any indicator where a classification of ‘good’ 
status was determined by the model. For any station, if the number of 
breaches was greater than expected for a particular water quality status 
then the aggregation function was deemed to have overestimated the 
water quality status, and if the number of breaches was less than ex-
pected then the function was deemed to have underestimated the status. 
Annex 1(d) and 1(e) present the occurrences of eclipsing for the different 
WQI aggregation functions. The results are summarised in Table 11 
which shows the total numbers of instances of eclipsing for each 
function. 

From Table 11, eclipsing is seen to occur for all aggregation functions 
during both seasons. Instances of eclipsing were more prevalent for the 
weighted functions – the NSF, SRDD and WJ functions all resulted in 
much higher eclipsing numbers than the highest of the unweighted 
functions (25 for CCME). Of the weighted functions, the WQM method 
was clearly the best performer in terms of eclipsing with just 17 

instances compared to the next best of 37 for NSF. Of the unweighted 
functions, the AM method resulted in the lowest number (9) compared 
to 15 and 17 for RMS and Hanh, respectively. There was a slight seasonal 
bias towards eclipsing with 5 of the 8 functions yielding higher instances 
in winter than summer. There also appeared to be a spatial bias towards 
eclipsing as during both seasons, across all functions, the majority of 
cases of eclipsing were found in monitoring sites in the Upper Harbour 
(see Annex 1(d) and 1(e)). 

The underestimating eclipsing problem was observed more often 
across all aggregation functions with the exception of the CCME function 
which suffered more from overestimation (20 of the 25 CCME instances 
of eclipsing were overestimation). During summer, the CCME function 
determined “good” water quality status at many monitoring locations in 
Cork Harbour even though some of the water quality indicators at those 
locations exceeded the guideline values. All 12 summer instances of 
eclipsing were overestimation. For winter, 8 of the 13 eclipsing instances 
were overestimation. It can be concluded that the CCME displays a 
consistent bias towards attributing higher water quality status even 
when that is not the case. 

Ambiguity is another important source of the WQI model uncer-
tainty. Ambiguity hides the actual water quality information contained 
in the model inputs. Consequently, the model produces considerable 
uncertainty that results in the misclassification of water quality for 
environmental managers or assessors. Commonly two types of ambi-
guity contribute to uncertainty: 

Fig. 16. Comparison between predicted and actual WQI scores based on the testing dataset of different unweighted WQI models in Cork Harbour over the winter 
season: (a) CCME, (b) Hanh, (c) RMS and (d) AM. 
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Type-I: Underestimation ambiguity - if the aggregation function es-
timates a smaller index without any of the sub-indices exceeding the 
critical level (nearly zero or unacceptable value) 
Type-II: Overestimation ambiguity - if the aggregation function es-
timates a larger index with one or more sub-indices exceeding the 
critical level (nearly zero or unacceptable value) 

The results show type-I ambiguity having occurred in the weighted 
SRDD and WJ models during both seasons. The aggregation functions 
have calculated lower index values but the SI values do not reflect this 
(Annex 1(f) – 1(g)). Type-II ambiguity occurred in the unweighted 
CCME methodology for both seasons with higher index values calculated 
for all monitoring locations even though the SI values contain some low 
values. Relatively, the NSF and WQM and unweighted AM and RMS 
aggregation methods produce indices during both seasons that reflect 
the true quality of the water. 

Another significant aspect of the aggregation functions is the rela-
tionship between them. To assess the similarity of model results, the 
Pearson correlation coefficient was calculated with R software using the 
ggcorplot package. The statistical significance level was set at 0.01. As 

shown in Fig. 8, all WQI functions, with the exception of the CCME, were 
highly positively associated with one another for both seasons. 

4.3. Spatio-temporal-variability of different WQI methods 

Fig. 9 presents the WQI scores computed at each monitoring location 
by the different aggregation functions. It can be seen that the WQI scores 
varied significantly across the monitoring locations in Cork Harbour. 
During both seasons, higher WQI values were found in the lower and 
outer Harbour for all functions. Comparatively, lower values were found 
in the upper monitoring stations of Harbour over the study period. For 
all of the WQI functions, there was a significant temporal variation be-
tween seasons. The results of the WQI models show that the water 
quality in the Harbour degrades significantly during the winter at all 
monitoring sites. 

The advanced geo-statistical Empirical Bayesian Kriging (EBK) 
technique was utilized to spatially interpolate calculated WQI scores at 
the monitoring stations onto the whole domain of Cork Harbour (ESRI, 
2016; McManus et al., 2020; Rahman and Harding, 2016). A detailed 
description of the procedure can be found in Uddin et al., (2020). 

Fig. 17. Model performance comparison of the eight WQI models using different statistical measures metrics.  

Table 12 
Ranking of WQI model performance based on sensitivity (R2) and prediction error (RMSE). S = summer, W = winter.  

WQI models R2 Score RMSE Score R2 Score RMSE Score Total Score Rank  

S W S W S W S W S W S W 

Weighted  

WQM 91 97 4.4 3.1 2 1 1 1 3 2 1 1 
NSF 93 86 7.0 10.8 1 2 2 2 3 4 1 2 
SRDD 91 56 9.3 23.5 2 4 3 4 5 8 3 4 
WJ 90 82 18.4 18.6 4 3 4 3 8 6 4 3 

Unweighted  

AM 92 97 3.2 3.2 1 1 3 2 4 3 1 1 
RMS 89 79 2.1 5.6 2 3 2 3 4 6 1 3 
Hanh 86 92 3.3 10.2 3 2 4 4 7 6 4 3 
CCME 72 70 1.5 1.4 4 4 1 1 5 5 3 2  
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Figs. 10 and 11 show the spatial and temporal variations of WQI scores 
in Cork Harbour throughout the summer and winter seasons, respec-
tively. Relatively, all of the functions computed higher WQI scores in the 
outer Habour, while lower index scores were obtained in the upper 
Habour. According to recent studies, the upper harbour has received 
significant pollutant loads from a variety of sources over the years, 
including farmlands, WWTPs, industries, etc. (EPA, 2018; Hartnett and 
Nash, 2015). 

There was a greater difference in spatial variation between the 
weighted and unweighted techniques over the study periods. Fig. 12 
shows the spatial variation in the standard deviations of the indices 
computed by the different WQI models. During both seasons, the WQI 
scores predicted by the different models at monitoring stations in the 
upper Harbour varied significantly more than those predicted by the 
different models in the lower and outer areas of the Harbour. 

When comparing the weighted and unweighted models, the 

unweighted method had the lowest deviation during the summer season, 
while the weighted methods had the highest during the winter season. 
The results show that the spatial distribution of water quality factors can 
have a significant impact on the WQI model because a higher density of 
diverse water quality was observed in the present study in the upper 
Harbour. 

4.4. Comparative analysis of WQI model performance 

MLR analysis was used to predict WQI scores in order to compare 
model performance. All statistical analyses were conducted at a signif-
icance level of 0.05. R2, RMSE, MSE, and MAE were used to evaluate the 
performance of the MLR models versus the WQI functions. The R2 for the 
regression analysis of WQI scores are shown in Figs. 13–16 for the 
weighted (summer and winter) and unweighted (summer and winter) 
aggregation models. 

Looking at the weighted models, a significant difference was found 
between seasons over the models. Similarly high levels of agreement (R2 

> 0.9) were observed for all unweighted functions for the summer while 
poorer agreements were observed in winter for the NSF, WJ and 
particularly the SRDD models. The WQM model showed highest levels of 
agreement with 91% and 97% of prediction variance in summer and 
winter, respectively. 

In contrast, there is a significant variation in R2 values for the un-
weighted prediction models during both seasons. A higher proportion of 
variance, 92% and 97% respectively for summer and winter, is 
explained by the AM model than any other unweighted model. There 
were also high levels of correlation for the RMS model; 89% and 79% of 
the variance was explained for summer and winter. respectively. Poor 
correlations were found for the CCME model with just 72% and 70% of 
variance explained in summer and winter, respectively. 

RMSE, MAE and MSE statistical metrics for the MLR models are 
shown in Fig. 17. Smaller values (close to zero) of the metrics indicate 
better performance of the MLR model. As shown in Fig. 17, during both 
seasons RMSE, MAE, and MSE are lowest for the weighted WQM models 
while the highest prediction errors was calculated for the SRDD and WJ 
models respectively. In contrast, the unweighted Hanh model exhibits 
the highest errors during both seasons. The Hanh model performance 
varied significantly between seasons; the highest RMSE, MAE and MSE 
were found during the winter season, whereas the lowest during the 
summer season. The results of the performance metrics reveal that of the 
weighted models, the WQM-WQI model exhibits excellent performance 
and the best fit for the predicted WQI scores. Overall, the AM and CCME 
models had the lowest model error for both seasons. 

Ranking the models in terms of sensitivity, it was found that the 
WQM aggregation function was more sensitive than other aggregation 
functions. This approach also had less error than other weighted 
methods based on the MLR model performance metrics. The method-
ology has a distinct advantage, in terms of eclipsing and ambiguity 
problems over the other methodologies. The NSF function, while being 
less sensitive than the WQM, showed better sensitivity than the WJ and 
the SRDD models. Looking at the unweighted functions, the pooret 
sensitivity was found for the CCME and Hanh functions in the summer 
and winter seasons, respectively, whereas the AM showed high sensi-
tivity during both seasons. 

Fig. 18. States of water quality in Cork Harbour.  

Table 13 
Assessment of monitoring sites water quality in Cork Harbour using WQM and AM methods.  

WQI methods water quality classifications 

summer winter 

Good Fair Marginal Poor Good Fair Marginal Poor 

WQM 28% (8) 72% (21) 0 0 14% (4) 48% (14) 38% (11) 0 

AM 31% (9) 69% (20) 0 0 17% (5) 45% (13) 38% (11) 0 

Total number of monitoring sites 29 used in this assessment. 
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Model performances were ranked (see Table 12) taking on the R2 

values from Figs. 13–16 (above) as a measure of model sensitivity and 
the RMSE values from Fig. 17 as a measure of prediction error. Taking 
the weighted models as an example, models were first scored from 1-4 
separately for each metric with 1 indicating best performance and 4 
worst. These scores were then added, giving each metric equal weight-
ing, and the models ranked based on the cumulative scores. For the 
weighted models, Table 12 shows that the WQM model was ranked first 
for both seasons. For the unweighted models, the AM model was ranked 
first for both seasons. 

5. Comparison of water quality statuses 

The ultimate goal of the WQI model is to assess water quality and 
determine its status. For the purpose of coastal water quality assessment, 
the results presented thus-far suggest that the weighted WQM and un-
weighted AM approaches are the most appropriate techniques for 
calculating WQI scores as they suffered least from eclipsing and ambi-
guity difficulties. Fig. 18 shows the computed water quality status at 29 
monitoring stations in Cork Harbour for the WQM and the AM methods. 
Table 13 provides the percentage of stations attributed particular sta-
tuses by the two methods. 

In summer, the WQM method classified 72% of stations as ‘fair’ and 
28% ‘good’ while the AM method classified 69% as ‘fair’ and 31% 
‘good’. From Fig. 18 (a) and (b), it can be seen that ‘fair’ water quality 
was found in the upper part of the Harbour (River Lee, Glashaboy River 
and River Owenacurra) for both methods in the area that is most 
strongly affected by urban pressures (EPA, 2017). 

During the winter period, the WQM method classified 38% of sta-
tions as ‘marginal’, 48% as ‘fair’ and 14% as ‘good’, whereas the AM 
method classified 38% of stations as ‘marginal’, 45% as ‘fair’ and 17% 
‘good’. As seen in Fig. 18 (c) and (d), the poorest water quality was 
assessed in the upper Harbour by both methods while the best water 
quality was found in the lower and outer Harbour. However, the qual-
itative assessment of WQI models showed a significant spatial variation 
of water quality classes in Cork Harbour. This could be due to the 
combined impacts of various edaphic and non-edaphic activities on 
Harbour water (Xia et al., 2015). A number of factors can contribute to 
poor water quality, including industrial effluents, home waste, and 
agricultural activities (farming, fishing, etc.) in the upper Harbour. 

In this study, all WQI methods used the same indicators and SI values 
to calculate WQI. The results of the study show that there are consid-
erable differences in WQI model outcomes for similar water quality in-
puts. The differences are therefore entirely due to the different 
aggregation functions and use of weighted versus unweighted aggre-
gation functions. 

6. Conclusion 

The main aim of this study was to develop an improved WQI meth-
odology for assessment of coastal water quality. This was achieved by 
using the XGBoost machine learning algorithm to identify water quality 
indicators for inclusion in a WQI model, using the XGBoost rankings the 
rank order centroid weighting method to attribute sub-index weightings 
and testing a large number of aggregation functions to determine their 
input on model performance. The key conclusions from the research are 
as follows: XGBoost can be used to objectively rank water quality in-
dicators based on their significance in terms of water quality. Although 
XGBoost was shown to work well here, it requires further investigation 
using longer term datasets. Its’s use requires both input (i.e. indicator 
data) and some desired output which, here, was an initial water quality 
status determined using binary analysis of the indicator data. However, 
the XGBoost ranking is sensitive to the desired output and it should 
therefore be carefully chosen. The rank order centroid weighting 
method is a useful means of objectively weighting the indicators in a 
WQI model but it must be used in conjunction with some ranking 

method such as the XGBoost method. Use of objective, mathematical 
approaches like these have the potential to reduce model uncertainty 
that might be introduced by the use of rankings/weightings based on 
expert opinion which can obviously vary between expert. The assess-
ment of aggregation functions found that a weighted quadratic mean 
aggregation function and an unweighted arithmetic mean function 
resulted in the lowest instances of eclipsing and ambiguity and are 
therefore recommended for WQI approaches. However, the present 
study only used one year of monitoring data and their performance in 
mutli-year analyses should be further investigated. 
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