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Abstract 15 

Study region: The Bhairab River is located in the south of Bangladesh. It is an active tidal river 16 

that supports a wide range of aquatic environments.   17 

Study focus: The present research utilized a holistic approach by incorporating the optimized root 18 

mean squared water quality index (RMS-WQI) model and machine learning/artificial intelligence 19 

(ML/AI) techniques to assess the water quality (WQ) of the Bhairab River. The study utilized four 20 

years (2021-2024) of WQ data, including temperature, pH, electrical conductivity, chloride, total 21 

solids, dissolved oxygen, and biochemical oxygen demand, from 8 monitoring sites of the Bhairab 22 

River. 23 
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New hydrological insights of the region: The results of the RMS-WQI model showed a decreasing 24 

trend of water quality index (WQI) scores between 2021-2024, with most of the monitoring sites 25 

rated as ‘fair’ to ‘poor’ WQ categories, indicating that the majority of WQ indicators failed to meet 26 

World Health Organization (WHO, 2022) and Environmental Conservation Rules (ECR, 2023) 27 

standards. The declining trend of WQI scores was statistically validated by the Friedman test 28 

statistic of 21.75 (p-value < 0.05) and the Mann-Kendall Tau value of -1.0 (p-value < 0.05). 29 

Moreover, the study utilized eight ML/AI algorithms with the Optuna optimizer, where the 30 

Artificial Neural Network (ANN) model demonstrated excellent performance with high accuracy 31 

and reliability in predicting WQI scores. In terms of reliability assessment, the ANN-Optuna model 32 

showed high effectiveness (Average model efficiency factor: MEF = 0.47; average percentage of 33 

relative error index: PREI = 0.39), excellent sensitivity (Average coefficient of determination: R2 34 

= 0.95), and low uncertainty throughout the study period. In addition to assessing WQ trends, the 35 

study identified major pollution hotspots along the Bhairab River, where various types of industrial 36 

activities, brick kilns, and urban dumping stations were identified as the major sources of pollution 37 

around the monitoring sites. In summary, the declining trend of WQ indicated that the Bhairab 38 

River was under notable pressure from various point and non-point pollution sources during the 39 

study period, which requires site-specific WQ management strategies to protect the Bhairab River 40 

ecosystem and living organisms.  41 

Keywords: Tidal River Water Quality; Pollution Hotspot; Water Quality Index; Machine 42 

Learning; Model Reliability.  43 

1. Introduction 44 

Surface water, especially river water, accounts for 0.49% of the world’s freshwater (USGS, 2019) 45 

and serves as an important source for drinking, irrigation, and healthy ecosystems. However, 46 
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maintaining good water quality (WQ) has become a notable global issue due to rapid 47 

industrialization and urbanization (Bilal et al., 2023; Hossain et al., 2024; Sajib et al., 2024; Uddin 48 

et al., 2024a). Specifically, industrial and municipal runoff is becoming a notable concern around 49 

the world because it directly impacts river ecosystems and living organisms (Ameta et al., 2023; 50 

Hassan et al., 2023; Mallin, 2024). As a result, maintaining acceptable WQ in rivers has become 51 

significantly more challenging than in the past. 52 

Typically, surface water pollution is driven by multiple anthropogenic and natural factors, which 53 

include industrial discharges, agricultural runoff, municipal sewage, oil and gas contaminants, 54 

mining effluents, etc. (Fakron, 2023; Hasan et al., 2019; Walker et al., 2019). These factors 55 

introduce polymers, plastics, toxic chemicals, and other contaminants like pharmaceuticals, 56 

nanomaterials, and microplastics into the environment (Morin-Crini et al., 2022). However, 57 

through strict regulations and wastewater treatment processes, developed countries are attempting 58 

to manage and monitor industrial and municipal discharges (Kato & Kansha, 2024), but continue 59 

to face challenges in effectively establishing these systems (Chavoshani et al., 2020; Liu et al., 60 

2025; Varatharajan et al., 2025). In contrast, with limited resources, developing and least developed 61 

countries face enormous challenges in managing untreated industrial effluents, urban wastewater, 62 

and agrochemicals (Islam et al., 2018; Kumar et al., 2023; Sha et al., 2024). In order to address 63 

these challenges, developed countries adopted strong policy frameworks, such as the European 64 

Union Water Framework Directive (Sajib et al., 2025a; Söderberg, 2016; Uddin et al., 2022b) and 65 

the USA Clean Water Act (Keiser & Shapiro, 2018). Nevertheless, weak institutional capacity and 66 

implementation gaps often undermine their effectiveness (Gedamu et al., 2025; Handoyo, 2024; 67 

Kirschke et al., 2020). Thus far, researchers have utilized several tools and techniques to identify 68 

pollution sources in the surface water, including laboratory-based physicochemical assessment 69 
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(Musa et al., 2025; Sarkar et al., 2016), remote sensing and GIS-based spatial monitoring (Faruq 70 

et al., 2025; Gani et al., 2023; Sajib et al., 2025b; Zhu et al., 2024), nutrient load modeling (Dada 71 

et al., 2025; Pinichka et al., 2025), and the Water Quality Index (WQI) approach (Gupta & Gupta, 72 

2021; Sutadian et al., 2017). Among them, the WQI model has gained notable attention in the last 73 

few decades due to its simplistic approach (Uddin et al., 2021).  74 

Around the world, WQ monitoring and management is quite challenging, as it involves the 75 

collection and analysis of large datasets (Essamlali et al., 2024). On the other hand, established 76 

monitoring systems struggle to capture real-world scenarios of waterbodies due to poor 77 

management frameworks and a lack of universal tools (Kumar et al., 2023). Furthermore, most of 78 

the countries around the world have developed their own guideline values for various WQ 79 

indicators; however, they didn’t suggest any specific tools/techniques to comprehensively assess 80 

the overall status of waterbodies (Uddin et al., 2021). As a result, the WQI model is often utilized 81 

by different researchers/organizations/WQ managers to evaluate the status of a waterbody. 82 

Generally, the WQI model aggregates WQ data into a single numerical value (e.g., 0 to 100), which 83 

effectively makes it easier to interpret and report (Essamlali et al., 2024). The WQI model consists 84 

of five key steps: (i) selecting relevant WQ indicators, (ii) determining weighting factors for each 85 

WQ indicator, (iii) converting WQ indicator concentrations into dimensionless sub-indices, (iv) 86 

calculating the final WQI score using an aggregation function, and (v) rating the WQ based on 87 

WQI scores. To date, several studies have utilized the WQI approach to evaluate the WQ status of 88 

different waterbodies (Faruq et al., 2025; Gani et al., 2023; Sajib et al., 2025a; Sutadian et al., 89 

2017; Uddin et al., 2021). 90 

Since 1960, numerous WQI models, such as the Horton index, the Scottish research development 91 

department index, the Ross index, the environmental quality index, the Smith index, the Dojildo 92 
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index, the British Columbia index, the Liou index, the Said index, the Malaysian index, and the 93 

Almedia index, the Canadian Council of Ministers of the Environment Water Quality Index Model, 94 

the National Sanitation Foundation Water Quality Index, the Weighted Arithmetic Mean Water 95 

Quality Index Model, the Entropy-based Water Quality Index Model, the Irish Water Quality Index 96 

(IEWQI) Model, etc. (Chidiac et al., 2023; Gupta & Gupta, 2021; Sutadian et al., 2017; Uddin et 97 

al., 2023a; Uddin et al., 2021) developed by different researchers and organizations. Despite this 98 

progress in the WQI model field, a number of studies have highlighted notable uncertainty in 99 

existing WQI models, which vary between 15% to 37% (Uddin et al., 2021; Uddin et al., 2022b; 100 

Uddin et al., 2023a). To address this challenge, a group of water researchers proposed an improved 101 

Root Mean Squared (RMS) WQI model for surface waters (Uddin et al., 2022b), which has shown 102 

high performance in rating WQ with an uncertainty of less than 1% (Ding et al., 2023; Uddin et 103 

al., 2023a). In particular, the RMS-WQI model demonstrated high reliable performance in 104 

reducing common WQI problems, such as ambiguity, eclipsing, metaphoring issues, and data 105 

outliers (Faruq et al., 2025; Sajib et al., 2024; Uddin et al., 2024b). As a result, several researchers 106 

from countries such as Bangladesh, India, China, Romania, Ireland, and the UK adopted this 107 

method for assessing surface WQ (Ding et al., 2023; Faruq et al., 2025; Gani et al., 2023; Sajib et 108 

al., 2024; Uddin et al., 2023a). 109 

In recent years, application of data-driven ML/AI (Machine learning/ Artificial Intelligence) 110 

models has gained notable popularity for water resource management and monitoring, 111 

supplementing traditional WQI methods (Ahmed et al., 2024). Additionally, several studies 112 

highlighted that ML/AI methods can reduce costs and time for WQ assessment by using fewer 113 

physical measurements, offering an efficient alternative by predicting WQ trends (Essamlali et al., 114 

2024; Rahman et al., 2025a; Zhang et al., 2024). Moreover, the ML/AI approach optimizes 115 
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resource allocation in low resource settings and offers accurate predictions that help 116 

researchers/organizations/WQ managers make effective decisions for pollution control, regulatory 117 

enforcement, and public health interventions (Ahmed et al., 2024; Azha et al., 2023; Ngwenya et 118 

al., 2025). To date, several studies have incorporated various ML/AI models to enhance the 119 

performance and precision of WQI models, often using techniques such as Random Forest 120 

(Rahman et al., 2025a), Decision Trees (Lu & Ma, 2020), k-Nearest Neighbors (Zamri et al., 2022), 121 

Support Vector Machines/Regression (Kamyab-Talesh et al., 2019), Extreme Gradient Boosting 122 

(Zhang et al., 2024), and Gaussian Processes Regression (Wan et al., 2022), etc., for the WQI score 123 

prediction (Sajib et al., 2024; Shahid et al., 2024; Uddin et al., 2022a, 2022c, 2022d). However, 124 

contextual differences between locations pose a critical challenge for high-performance models in 125 

the ML/AI field, as models trained in one environment may fail to generalize due to changing 126 

factors, including data distribution, outliers, etc. (Sajib et al., 2025a; Uddin et al., 2021). As a 127 

result, location-based upgradation in prediction models has become essential to cope with spatial 128 

variations in data and to ensure accuracy and reliability across different geographic locations.  129 

Globally, rivers and estuaries form a vital ecosystem that supports a variety of plant and animal 130 

life (Fortune et al., 2023). Specifically, these ecosystems are under threat due to compound 131 

anthropogenic impacts and climate change in South Asian countries (Fiaz et al., 2025). Among the 132 

South Asian countries, Bangladesh is well known for its dynamic rivers and estuaries, which 133 

support a wide range of flora and fauna (Chowdhury et al., 2020). However, environmental 134 

degradation and sedimentation pose major challenges for these ecosystems (Uddin & Jeong, 2021). 135 

To date, numerous studies have concluded that Bangladesh’s river WQ are in danger due to three 136 

important factors, which are increasing population, urbanization, and industrialization (Hasan et 137 

al., 2021; Kabir et al., 2021a; 2021b; Uddin & Jeong, 2021). Furthermore, several studies have 138 
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reported deteriorating conditions across various tidal rivers, including the Bhairab River in Khulna, 139 

Bangladesh (Ali et al., 2022; Alom et al., 2022; Anzum et al., 2023; Bari et al., 2025; Bari & 140 

Sayeed, 2022; Hasan et al., 2019; Khan et al., 2019; Musa et al., 2025; Ridika et al., 2023). The 141 

Bhairab River is located in the southern part of Bangladesh and plays an important role in the 142 

economy by supporting several industrial facilities along its banks (Hashan et al., 2023; Islam et 143 

al., 2018). Furthermore, this river network serves as a primary inland water transportation route 144 

for various goods, including oil (Rafizul et al., 2017). All these facilities have not only accelerated 145 

rapid urbanization and internal migration in their vicinity but also increased municipal waste 146 

discharge and industrial runoff into the Bhairab River (Hashan et al., 2023; Islam et al., 2018; 147 

Rafizul et al., 2017; Uddin, 2015). These combined pressures emphasize the urgent need for 148 

sustainable WQ management of the Bhairab River to preserve its ecological and economic 149 

functions. Thus far, numerous researchers have assessed the WQ of the Bhairab River for various 150 

purposes, including drinking WQ (Uddin, 2015), irrigation WQ (Islam et al., 2016), and pollution 151 

level assessment (Alom et al., 2022; Bari et al., 2025; Khan et al., 2019; Rafizul et al., 2017). 152 

However, none of these studies incorporated the WQI model and ML/AI algorithm to assess and 153 

predict the temporal WQ of this river. Additionally, to the best of the author’s knowledge, this 154 

research is one of the first initiatives to assess a tidal river WQ utilizing the RMS-WQI model 155 

incorporating the ML/AI framework in this region. Therefore, the current research utilized the 156 

RMS-WQI model for effectively assessing the WQ of the Bhairab River. The objectives of the 157 

present research are as follows: 158 

• To assess the temporal variation of WQ in the Bhairab River.  159 

• To compute the WQI score and rate the WQ of the Bhairab River by using optimized RMS-160 

WQI framework. 161 
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• To evaluate the model’s spatio-temporal performance by utilizing ML/AI framework in 162 

terms of model reliability.  163 

• To identify the major pollution sources in the Bhairab river. 164 

The outcome of the study will provide a time-series scenario of WQ in the Bhairab River and 165 

provide an optimized framework for assessing tidal river WQ utilizing the RMS-WQI model and 166 

ML/AI approach. This adaptive framework could guide WQ managers, institutions, and 167 

organizations with a practical tool to monitor and manage the WQ of the region in a sustainable 168 

manner.   169 

2. Materials and Method 170 

2.1 Study Area 171 

The Bhairab River (latitude N 23° 34' 27.804" and longitude E 88° 44' 36.744") system flows to 172 

the south of Bangladesh (Fig. 1). It originates from the Tengamari border of the Meherpur district 173 

and passes through Narail, Jashore town, and Khulna area. After finishing long journey, the 174 

Bhairab River falls on the Rupsha River at Jailkhana Ghat, Khulna City. The Bhairab River divided 175 

Khulna city into two parts (Fig. 1). The river is approximately 100 miles long and 300 feet wide, 176 

including an average depth of 4 to 5 feet with minimal water flow (Azad et al., 2020). This river 177 

is a distributary of the Ganges River and experiences semi-diurnal flood tides from the Bay of 178 

Bengal (Wang et al., 2023). It is an active tidal river with a strong current that carries coarser 179 

sediments from upstream and finer sediments, mainly clay from downstream by flood tide (Roy et 180 

al., 2005). Typically, the semi-diurnal tides with a tidal period of about 12 hours 25 minutes are 181 

predominant in the Bay of Bengal (Wang et al., 2023). The tidal range at the coast is strong, ranging 182 

from 0.27 m at neap tide to 3.38 m at spring tide (BIWTA, 2006). The area is blessed with a warm 183 

tropical climate and sufficient rainfall, which supports a wide biological diversity (Islam et al., 184 
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2024). The major water source of the Bhairab River network is the Ganges River water flow, which 185 

significantly dries up during the dry season (Uddin, 2015), but its lower part remains navigable 186 

throughout the year due to influences of tide water. The average annual rainfall and temperatures 187 

in the region vary between 1500-2500 mm and 12-35 °C, respectively (Anzum et al., 2023; BMD, 188 

2020).  189 

 190 

Fig. 1. Map of the monitoring site in the Bhairab River. The map (a) shows eight water quality monitoring sites along 191 
with different pollution sources in the Bhairab River. The inset maps (b) and (c) show the location of the Bhairab River 192 
in Bangladesh and the location of Bangladesh in the South Asia, respectively.   193 
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2.2 Data collection 194 

The current research obtained four years (2021–2024) of monthly WQ data from the Department 195 

of Environment (DoE), Bangladesh (https://doe.gov.bd/), which encompassed eight monitoring 196 

stations along the Bhairab River (Fig. 1). A detailed description of monitoring sites (e.g., longitude, 197 

latitude, and site description) can be found in supplementary Table S1. In Bangladesh, the DoE is 198 

responsible for routine monitoring of WQ data across 405 rivers, including the Bhairab River 199 

(DoE, 2021). They established a nationwide monitoring network under which monthly surface 200 

water samples from preselected locations are collected for laboratory analysis (DoE, 2021; 2022; 201 

2023).  202 

For the purposes of WQ assessment in the Bhairab River, seven WQ indicators, including 203 

temperature (TEMP), pH, electrical conductivity (EC), chloride (Cl-), total solid (TS), dissolved 204 

oxygen (DO), and biochemical oxygen demand (BOD5) were utilized in this study. A detailed 205 

description of WQ indicators, units, analytical methods and guideline values is presented in Table 206 

1. The DoE follows strict guidelines to collect and analyze the WQ data. A detailed methodological 207 

procedure, including sample collection and laboratory analysis can be found in the annual surface 208 

and ground WQ reports of DoE, Bangladesh (DoE, 2021; 2022; 2023). On the other hand, the 209 

selection of monitoring sites within the river was based on data availability. Regarding data 210 

processing, the raw datasets for individual years (2021-2024) were cleaned, and yearly average 211 

values were computed for each monitoring site. A detailed representation of the entire research 212 

process is illustrated in (Fig. 2). 213 

Table 1.  WQ indicators and measurement units used in this study 214 
Indicators Unit Analytical methodology ECR, (2023) 

Temperature ℃ Method 2550 B (APHA et al., 2005) 25 

pH - Method 4500-H+ B (APHA et al., 2005) 6.5-9 

EC µS/cm Method 2510 B (APHA et al., 2005) 2250 
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Cl- mg/L Method 4110 B (APHA et al., 2005) 1000 

TS mg/L Method 2540 (APHA et al., 2005) 1010 

DO mg/L Method 4500-O C (APHA et al., 2005) 5-8* 

BOD5 mg/L Method 5210B (APHA et al., 2005) ≤ 6 

*WHO (2022) 215 

 216 
Fig 2. Methodological flowchart of the present study. 217 
 218 

2.3 WQI score calculation 219 

In this study, the WQI score was calculated using the RMS-WQI model based on the methodology 220 

proposed by Uddin et al. (2022b). Previously, several studies utilized WQI models such as the 221 

NSF-WQI and WAM-WQI to assess WQ status in the study region (Hashan, 2023; Rafizul et al., 222 

2017; Uddin, 2015). However, recent studies have highlighted notable limitations of these models 223 

in accurately representing the WQ status of any waterbody (Sajib et al., 2023; Uddin et al., 2022c). 224 

Specifically, issues such as aggregation functions, classification schemes, model eclipsing, and 225 
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ambiguity have led to considerable uncertainty in these WQI models (Uddin et al., 2021; Uddin et 226 

al., 2023a). Furthermore, recent research suggests that unweighted WQI models such as the RMS-227 

WQI model offered improved performance compared to weighted approaches, particularly in 228 

terms of reducing uncertainty and enhancing the accuracy of WQ assessments (Sajib et al., 2024; 229 

Uddin et al., 2022d). To date, several studies have concluded that the RMS-WQI model is an 230 

effective unweighted tool for assessing WQ with less than 1% uncertainty in various aquatic 231 

environments, including rivers, lakes, coastal waters, and groundwater systems (Faruq et al., 2025; 232 

Gani et al., 2023; Sajib et al., 2024; Uddin et al., 2021; Uddin et al., 2022b; Uddin et al., 2023a; 233 

Uddin et al., 2024a). Based on these insights, the RMS-WQI model was selected for the WQ 234 

assessment of the Bhairab River. The conceptual framework and mathematical structure of the 235 

RMS-WQI model are illustrated in Fig. 2. The RMS-WQI model consists of four steps, which are 236 

described as follows: 237 

2.3.1 Selecting WQ indicators 238 

Typically, several approaches, including expert judgement, data availability, ML/AI methods, 239 

environmental significance, statistical techniques (e.g., principal component analysis, correlation), 240 

etc., are widely utilized to select WQ indicators for WQI score calculation (Abed et al., 2022; 241 

Uddin et al., 2022b; Uddin et al., 2023a). The current research adopted the approach of availability 242 

of data to finalize pivotal WQ indicators as input in the RMS-WQI model. This approach ensures 243 

comparability across monitoring sites and reduces uncertainty in RMS-WQI calculation. 244 

Additionally, the selection of WQ indicators is in line with the Environmental Conservation Rules 245 

(ECR, 2023) of Bangladesh and requirements of the RMS-WQI model input attributes. The ECR 246 

(2023) is a legal framework (developed by the Government of Bangladesh) to protect the aquatic 247 

environment and promote sustainable development that is implemented by the DoE, Bangladesh 248 
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(ECR, 2023). Several studies used similar approaches for WQ indicator selection (Faruq et al., 249 

2025; Gani et al., 2023; Parween et al., 2022; Sajib et al., 2024; Uddin et al., 2021; Uddin et al., 250 

2022b; Uddin et al., 2023a; Uddin et al., 2024a). The WQ indicators utilized for WQI score 251 

calculation are Temp, pH, DO, EC, Cl-, TS, and BOD5.  252 

2.3.2 Sub-index (SI) generation 253 

The SI approach standardizes diverse WQ indicators by converting them into a uniform numerical 254 

scale ranging from 0 to 100 (Sajib et al., 2024). On this scale, a value of 0 denotes poor WQ, while 255 

a value of 100 represents good WQ (Gupta & Gupta, 2021). In this study, sub-index values for 256 

each WQ indicator were determined in accordance with the guidelines set by the ECR (2023) and 257 

WHO (2022). Specifically, SI functions proposed by Uddin et al. (2022b) were utilized to convert 258 

raw WQ measurements into this standardized scale. The SI equation utilized in this study can be 259 

found in Table S2 (Supplementary materials).   260 

2.3.3 Aggregation formula 261 

The aggregation function is responsible for combining the SI values into a single numerical 262 

expression that represents the WQI score. The mathematical expression for the RMS-WQI model 263 

aggregation function is presented below (Eq. 1). 264 

RMS − WQI =  √
1

n
∑ (Si)2n

i=1          (1) 265 

where n indicates the total number of indicators, and Si is the sub-index value of the ith WQ 266 

indicators. 267 

2.3.4 Classification of the WQ status 268 

The primary objective of the WQI model is to interpret and report the computed WQI score to 269 

categorize WQ status. Based on the classification scheme of the specific WQI model utilized, WQ 270 

status is usually declared as excellent, good, or poor (Uddin et al., 2021). However, recent studies 271 
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have highlighted a complex issue known as the metaphoring problem, where identical WQ 272 

indicators may lead to varying classifications under different WQI models (Gupta and Gupta, 273 

2021; Sutadian et al., 2017; Uddin et al., 2021). A detailed description of this problem can be found 274 

in Uddin et al. (2021). To address this challenge, the current study utilized a classification scheme 275 

developed by Uddin et al. (2022b). Further details of this classification scheme can be found in 276 

Uddin et al. (2022b), and the specific categories utilized in the RMS-WQI model are presented in 277 

Table 2. 278 

Table 2: Classification categories of WQ utilized in this study (Uddin et al., 2022b) 279 
WQ category RMS score range 

Good  80-100 

Fair 50-79 

Marginal 30-49 

Poor  0-29 

2.4 Error assessment in WQI score calculation 280 

A number of studies highlighted that eclipsing and ambiguity are two notable limitations in any 281 

WQI models (Chidiac et al., 2023; Gupta & Gupta, 2021; Sutadian et al., 2017; Uddin et al., 2021). 282 

These problems can arise during the sub-index calculation, WQI score calculation using the 283 

aggregation function, and rating of WQ based on the WQI score, leading to either overestimation 284 

or underestimation of WQ status (Uddin et al., 2021). The eclipsing occurs from inaccurate rating 285 

of WQ (Table S3-supplementary materials), while ambiguity results from overestimation or 286 

underestimation between the average sub-index value and the WQI score. A detailed explanation 287 

of these phenomena and their measurement techniques can be found in Uddin et al. (2021). The 288 

current study utilized the methodological framework proposed by Uddin et al. (2022b) to measure 289 

eclipsing and ambiguity issues of the RMS-WQI model. The selection of this approach is based 290 

on the previous research conducted to measure the eclipsing and ambiguity issues of the RMS-291 
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WQI model (Ding et al., 2023; Khan et al., 2025; Parween et al., 2022; Sajib et al., 2023, 2024, 292 

2025a). 293 

2.5 ML/AI framework for WQI score prediction 294 

Over the past few years, several studies have applied sophisticated ML/AI techniques to predict 295 

WQ across various aquatic environments (Ahmed et al., 2019; Bilali et al., 2020; Fan et al., 2018; 296 

Sajib et al., 2023; Uddin et al., 2022a). The methodological framework applied in this study is 297 

presented in Fig. 2. Moreover, the different steps employed to predict the RMS-WQI score using 298 

the ML/AI framework can be found as follows:  299 

2.5.1 Training and testing dataset  300 

Typically, in the ML/AI field, 50-50, 80-20, 70-30, etc. data splitting ratios are frequently utilized 301 

by different researchers (Joseph, 2022; Sarker et al., 2021). The current study utilized 80% (six 302 

monitoring sites) and 20% (two monitoring sites) ratios for splitting the training and testing 303 

datasets. A similar number or fewer sample locations were utilized in various previous studies 304 

(Abba et al., 2020; Deng et al., 2022; Khoi et al., 2022; Nafsin & Li et al., 2022; Tiwari et al., 305 

2018; Wang & Wang et al., 2020; Rodríguez-López et al., 2023). Subsequently, both the training 306 

and testing datasets were standardized utilizing the Z-score formula. The Z-score process helps to 307 

minimize model errors by ensuring that all input variables are scaled consistently (Rahman, 2019). 308 

After partitioning and standardizing the data, eight ML/AI models were trained and tested on the 309 

training and testing datasets. The Z-score transformation equation used in this process is defined 310 

as follows:  311 

Z =  
Xi−X̅

σ
            (2) 312 
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where, Z represents the standardized score, Xi denotes the ith variable of WQ indicator dataset, X̅ 313 

refers to the mean value of WQ indicator data, and σ is the standard deviation of WQ indicator 314 

data. 315 

2.5.2 ML/AI algorithms 316 

The study utilized eight of the most popular ML/AI algorithms, namely Gradient Boosting 317 

Regressor (GBR), Multiple Linear Regression (MLR), Support Vector Machine (SVM), Artificial 318 

Neural Network (ANN), Random Forest (RF), AdaBoost (AdaB), CatBoost (CatB), and Extreme 319 

Gradient Boosting (XGB), to identify the best model for predicting RMS-WQI scores. These 320 

models were selected based on the prior studies conducted by authors and the performance of these 321 

models in WQ modelling in various studies (Goodarzi et al., 2023; Kouadri et al., 2021; Shams et 322 

al., 2023; Uddin et al., 2022a; Yudina et al., 2021; Yusri et al., 2022). A detailed description of 323 

these models can be found in the supplementary materials as a continuation of subsection 2.5.2. 324 

The implementation of these models was carried out using a combination of various Python 325 

libraries such as Scikit-learn, Keras, NumPy, Pandas, Matplotlib, etc. in the Anaconda platform.  326 

2.5.3 Model hyper-parameterization 327 

To optimize and improve the accuracy of the ML/AI models, the current research incorporated a 328 

cutting-edge hyperparameter optimization technique using the Optuna optimizer. Optuna is an 329 

efficient and automated framework for hyperparameter tuning that can identify the best set of 330 

parameters for each ML/AI model (Lai et al., 2024; Srinivas & Katarya, 2021). Typically, its 331 

mathematical architecture is based on the Tree-structured Parzen Estimators (TPE), which enables 332 

it to dynamically sample and evaluate parameter combinations that improve model performance 333 

(Dada et al., 2025). Optuna framework enhances model performance by systematically exploring 334 

the hyperparameter space to find the best configurations, resulting in improved accuracy and 335 
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generalization compared to exhaustive grid or random search optimizers (Pinichka et al., 2025; 336 

Yuan et al., 2024). However, Optuna is computationally expensive, especially for models that 337 

require many hyperparameter settings. Despite this disadvantage, several recent studies utilized 338 

Optuna to optimize hyperparameters in various environmental and hydrological modeling, where 339 

it has effectively demonstrated its ability to fine-tune models (Abbaszadeh et al., 2022; Islam et 340 

al., 2024; Khan et al., 2025; Olbert et al., 2025; Uddin et al., 2022a, 2024a). In this study, Optuna 341 

was used to optimize several key parameters such as learning rate, maximum depth, number of 342 

estimators, regularization factors, and neural architecture configurations, depending on the specific 343 

model.  344 

2.5.4 Model performance evaluation 345 

A 10-fold cross-validation was employed in this study to assess model reliability and reduce the 346 

risk of overfitting, following the methodology of Uddin et al. (2022a). Cross-validation remains 347 

one of the most widely utilized techniques in model evaluation because it provides a robust and 348 

reliable assessment of a model’s performance on unseen data (Tsamardinos et al., 2018; Wainer 349 

and Cawley, 2021; Wong, 2015). It is especially valuable in environmental datasets, which are 350 

often small, sparse, or imbalanced (Charilaou and Battat, 2022; López et al., 2022). 351 

Furthermore, the prediction performance of utilized ML/AI models in this study was assessed 352 

using a set of established performance statistics, including Mean Absolute Error (MAE), Mean 353 

Squared Error (MSE), Root Mean Square Error (RMSE), and the Percent of Absolute Bias Error 354 

(PABE). These metrics are adopted in this study based on the prior research conducted by the 355 

authors (Khan et al., 2025; Sajib et al., 2023; Uddin et al., 2022a, 2022b, 2023) and findings from 356 

various research (Ahmed et al., 2019; Chen et al., 2020; Islam et al., 2024). One of the key 357 

advantages of these statistics is that they collectively provide a quantitative understanding of 358 
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prediction deviation (Chicco et al., 2021; Karunasingha, 2022; Nicolson & Paliwal, 2019). The 359 

mathematical functions of these statistics are presented as follows: 360 

MAE =  
1

m
∑ |Yi − Ŷi|

m
i=1           (3) 361 

MSE =  
1

m
∑ (Yi − Ŷi)

2m
i=1           (4) 362 

RMSE =  √
1

m
∑ (Yi − Ŷi)2m

i=1           (5) 363 

PABE =  
1

m
∑ |

Yi−Ŷi

Yi
|m

i=1 × 100         (6) 364 

In the above equations, m is the number of observations, Ŷi is the predicted value and Yi is the 365 

actual value. 366 

2.5.5 Ranking of the ML/AI Models 367 

The current research utilized a rank-based method proposed by Uddin et al. (2022a) to collectively 368 

assess the ML/AI models’ performance based on the training and testing outcomes. In this study, 369 

ML/AI models were ranked between 1 to 8 based on the performance metrics, where 1 indicates 370 

the higher accuracy and 8 indicates the lower accuracy of the models. The cumulative score 371 

obtained from all performance metrics (training and testing) determines the final ranking of each 372 

model. The primary strength of this approach is that it allows for objective comparisons by 373 

incorporating multiple evaluation dimensions. A number of studies utilized a similar approach to 374 

identify the best-fitting model (Sajib et al., 2024; Uddin et al., 2023a).  375 

2.6 Model reliability assessment 376 

2.6.1 Model efficiency assessment 377 

In order to assess the effectiveness of the model at each monitoring site, the current study utilized 378 

Percentage of Relative Error Index (PREI), Nash-Sutcliffe Efficiency (NSE), and Model 379 

Efficiency Factor (MEF) statistical metrics. Numerous studies utilized similar methods to assess 380 
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the effectiveness of the model (Sajib et al., 2025a; Sajib et al. 2024; Uddin et al., 2023a). Typically, 381 

the PREI score is utilized to evaluate the model overestimation (+’ value) and underestimation (-’ 382 

value) problems, which are presented in percentage. Usually, the NSE value can range between ∞ 383 

to 1, where a value close to 1 represents the optimal value. Similarly, the MEF value close to 0 384 

represents the optimal value. A detailed description of these metrics can be found in Sajib et al. 385 

(2025a). The equations of PREI (Eq. 7), NSE (Eq. 8), and MEF (Eq. 9) are as follows: 386 

PREI = (
Yi −Ŷi

Yi 
) × 100                      (7) 387 

where Yi actual WQI score for ith sample and Ŷi is the mean predicted WQI score. 388 

𝑁𝑆𝐸 =  1 −
∑ (𝑌𝑖 −𝑌̂𝑖)2𝑚

𝑖=1

∑ (𝑌𝑖 −𝑌𝑖 ̅̅ ̅)2𝑚
𝑖=1

                  (8) 389 

where, 𝑚 is the number of samples, 𝑌𝑖  is the actual value, and the 𝑌̂𝑖 is the predicted value and 𝑌𝑖 ̅ 390 

mean of the actual value. 391 

𝑀𝐸𝐹 =  √1 − 𝑁𝑆𝐸                               (9) 392 

where, 𝑁𝑆𝐸 is the Nash–Sutcliffe efficiency index score. 393 

2.6.2 Model sensitivity evaluation 394 

To evaluate the model sensitivity and explanatory power, the coefficient of determination (R2) was 395 

used. This metric measures the proportion of variance in the observed data that is explained by the 396 

model predictions and is commonly used in WQ modeling studies (Fan et al., 2018; Sajib et al., 397 

2023; Uddin et al., 2022a). The R2 value is closer to 1, indicating stronger model performance. 398 

Numerous studies utilized similar approaches to measure model sensitivity (Bilali et al., 2020; 399 

Ding et al., 2023; Goodarzi et al., 2023; Sajib et al., 2023, 2024). The R2 formula is given as: 400 

R2 = 1 −
∑ (Yi−Ŷi)2m

i=1

∑ (Yi−Y̅i)2m
i=1

           (10) 401 
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Here, m is the number of samples,Yi is the actual value, Ŷi is the predicted value and Y̅i mean of 402 

the actual value. 403 

2.6.3 Model uncertainty assessment  404 

The current study utilized inferential error bars with a 95% confidence interval (CI) to measure the 405 

uncertainty of the model. This approach helps to visualize the uncertainty associated between two 406 

groups (Cumming et al., 2007). Moreover, an overlapping error bar (especially CIs) indicates that 407 

the difference between the groups might not be statistically significant, whereas a non-overlapping 408 

error bar might indicate a significant difference. One of the key advantages of inferential error bars 409 

is that their length indicates how much uncertainty there is in the data (Uddin et al., 2024b). For 410 

example, wide bars indicate higher error, and shorter bars indicate higher accuracy. A detailed 411 

description of this approach can be found in Cumming et al. (2007). Several environmental studies 412 

have utilized similar methods to assess and visualize model uncertainty (Fang et al., 2025; Uddin 413 

et al., 2024b). 414 

2.7 Trend analysis of water quality 415 

Analysis of temporal variability was conducted to examine the variation in WQ of the study area 416 

during 2021 to 2024. Typically, variability analysis helps to understand how much fluctuation 417 

occurs in WQ over time. The current study utilized the Friedman test and Mann-Kendall test to 418 

assess the temporal variability analysis. A detailed description of these techniques can be found as 419 

follows: 420 

2.7.1 Friedman test 421 

The Friedman test was originally developed by Milton Friedman in 1937. This statistical tool is 422 

particularly utilized to assess repeated measures or matched pairs (Pereira et al., 2015). It ranks 423 

the data for each subject and compares the sums of ranks across different groups. The Friedman 424 



21 

 

test can be defined as a generalization of the sign test (Hoffman, 2015). However, it has been 425 

argued that the statistical power of the Friedman test slightly exceeds the sign test when there are 426 

more than two treatment groups (Cleophas & Zwinderman, 2016). Since the present research 427 

accounted for four different years data evaluation, the Friedman test is an optimum choice. A 428 

detailed description of this technique can be found in Pereira et al. (2015). The tests were initiated 429 

with the following hypothesis. 430 

• Null Hypothesis (H₀): There is no significant difference in overall WQ from 2021 to 2024. 431 

• Alternative Hypothesis (H₁): There is a significant difference in the overall WQ between 432 

2021 to 2024. 433 

The Friedman test statistics are calculated using the following formulas: 434 

χF
2 =

12

nk(k+1)
∑ Rj

2k
nk(k+1) − 3n(k + 1)        (11) 435 

Here, χF
2 is the Friedman test statistics (T1), n is the number of blocks, k is the number of groups 436 

(e.g., years) and Rj
2 is the sum of ranks for group j. 437 

2.7.2 Mann-Kendall trend analysis test 438 

The study utilized the Mann-Kendall test for the purpose of trend analysis in WQ. This is a non-439 

parametric method that identifies monotonic trends in time series data (Coccia & Roshani, 2024). 440 

Typically, the Mann-Kendall test provides three types of information, including the Kendall Tau 441 

(measures the monotony of slope and Tau value - value varies between -1 to 1), the Sen slope 442 

(measures the overall slope of time series data), and the significance value (indicates trend or no 443 

trend in the time series data based on statistical significance with a p-value < 0.05). This method 444 

is widely adopted by different researchers for assessing trends in time series data (Coccia & 445 

Roshani, 2024; Uddin et al., 2023b).  446 
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2.8 Field observation for pollution source identification 447 

To identify the major hotspots of pollution around the monitoring site in the Bhairab River, the 448 

study documented environmental conditions by field observations and photography. This method 449 

increases the accuracy of the calculated RMS-WQI score by validating the measured WQ 450 

indicators and comparing them with the actual conditions at the monitoring sites. A key advantage 451 

of this combined approach is that it provides a more holistic and reliable assessment of WQ than 452 

relying solely on numerical data. Therefore, a field visit was conducted on the 18th of July 2025 453 

during daylight hours, which included photography, pollution source identification, and informal 454 

interviews with local residents. A standardized field notebook with a pre-designed checklist was 455 

utilized to note down field observations. Each site was photographed to capture these conditions 456 

utilizing the RMX2193 device. Additionally, GPS location was collected for the same location 457 

using the GPS Test Android application which supports GPS, GLONASS, GALILEO, SBAS, 458 

BEIDOU, and QZSS satellites. The sampling site was selected based on a random approach, which 459 

has consistently shown a poor WQ rating during the study period.   460 

2.9 Statistical processing and geo-spatial mapping 461 

To assess significant similarities/differences between the actual and predicted RMS-WQI scores, 462 

this research utilized the Bland-Altman plot analysis. The Bland-Altman plot analysis is a widely 463 

utilized statistical method for evaluating statistical agreement/disagreement between two 464 

quantitative measurement techniques at a 95% confidence level (Doğan, 2018). Recently, this 465 

statistical approach has been widely used in the domain of hydrological modelling for assessing 466 

significant differences/similarities between model outcomes (Diganta et al., 2025; Sy et al., 2020; 467 

Zubaidi et al., 2022). A detailed description of the Bland-Altman plot analysis can be found in 468 
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Bland and Altman (1986). For implementing this analysis, the research followed the approach of 469 

Bland and Altman (1986). 470 

The current research utilized a proportional distribution approach on the ArcGIS Pro 3.5.2 platform 471 

for geospatial mapping and visualization of WQI scores in the study area. Typically, this method 472 

utilizes symbols shaped consistent with the data values to visually represent quantitative 473 

information on the map. The size of the symbol (e.g., circle) directly corresponds to the dimensions 474 

of the mapped features, making it easier to understand spatial patterns and distribution (Faruq et 475 

al., 2025; Sajib et al., 2024). Apart from this, all statistical analyses and visualizations for this 476 

research were performed using Microsoft Excel and the Python programming environment. 477 

3. Result and Discussion 478 

3.1 Statistical distribution of WQ indicators 479 

The study assessed the WQ of the Bhairab River between 2021-2024 utilizing seven WQ 480 

indicators. The WQ data was collected from DoE, Bangladesh, and evaluated against the ECR 481 

(2023) and WHO (2022) standards to identify breached WQ indicators. Fig. 3 shows a statistical 482 

summary of the WQ indicators utilized in this study. Notably, most of the WQ indicators in the 483 

study area, such as TEMP, TS, Cl-, DO, and BOD5, have breached the guideline values for years. 484 

In particular, the TEMP (°C) at all monitoring sites consistently exceeded the standard level (25 485 

°C) for surface water during 2021-2024 (Fig. 3). Similarly, studies by Ali et al. (2022) and Anzum 486 

et al. (2023) reported high TEMP (> 25 °C) as a result of various anthropogenic activities in the 487 

vicinity of the river. In contrast, water pH remained within the acceptable range (6.5 – 8.5) at all 488 

monitoring sites throughout the study period. The average pH value in the study area during 2021-489 

2022 was between 7.9 - 8.2, while in 2023-2024 it decreased slightly to between 7.3 – 7.2.  490 
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Furthermore, EC concentrations, which indicate dissolved substances in the surface water, 491 

exceeded the ECR (2023) standards with high variability at all monitoring sites in 2024. The 492 

average EC concentration during the study period was 3269.44 µS/cm (SD ± 394.04 µS/cm). 493 

Generally, higher EC concentrations in river water indicate an increase in dissolved ion 494 

concentrations, which may be due to mineral runoff or anthropogenic activities like industrial 495 

pollution and sewage discharge (Rahman et al., 2025b; Zhu et al., 2022). Similarly, Cl- (1175.81 ± 496 

266.16 mg/L) and TS (1680.49 ± 191.04 mg/L) concentrations at most monitoring sites in 2024 497 

exceeded the ECR (2023) standard. The higher Cl- concentrations in 2024 may reflect the influence 498 

of high tides compared to previous years (Cereja et al., 2021; Feng et al., 2025; Skibbe et al., 2024).  499 

Additionally, DO (mg/L) and BOD5 (mg/L) concentrations at the monitoring sites showed 500 

considerable variability. Specifically, DO value exceeded WHO (2022) standards at most sites in 501 

2022, while BOD5 exceeded the ECR (2023) thresholds in 2023 and 2024. Prior studies have 502 

documented similar higher BOD5 values because of the discharge of sewage and industrial 503 

effluents into the river (Ali et al., 2022; Anzum et al., 2023). 504 

 505 
Fig. 3. The statistical summary of physicochemical indicators in the Bhairab River. Here red line indicates the 506 
guideline value suggested by ECR (2023) and WHO (2022). 507 
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The study also utilized the Spearman’s correlation (based on the Shapiro-Wilk test – see Table S4) 508 

approach to evaluate the relationship between the WQ indicators and WQI scores (Fig. 4). Over 509 

the years, the data has indicated varying correlations between WQ indicators and WQI scores. For 510 

example, Cl- concentrations consistently exhibited a negative correlation with WQI scores during 511 

the study period. Moreover, strong negative correlations were observed between BOD5 and Cl- 512 

concentrations with WQI scores (BOD5 = -0.52; Cl- = -0.93) in 2021, while weak positive 513 

correlations were observed between DO concentrations and WQI scores (r = 0.31). These strong 514 

negative relationships indicate that increases in these indicators may lead to decreases in WQI 515 

scores (Rahman et al., 2021). Furthermore, in the 2022 dataset, a high positive correlation was 516 

found between the DO and WQI scores (r = 0.81). However, in the 2024 dataset, DO concentrations 517 

showed a strong negative correlation with WQI scores (r = -0.95). In contrast, DO concentrations 518 

exhibited a weak negative correlation with WQI scores (r = -0.21) in 2023. Moreover, TS showed 519 

strong negative correlation (r = -0.57) with WQI scores for the year 2022 and 2023, respectively. 520 

Nevertheless, none of the WQ indicators showed a strong positive relationship with WQI scores 521 

in 2023 (Fig. 4).  522 
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 523 
Fig. 4. Spearman’s correlation between the WQ indicators and RMS-WQI scores. 524 

3.2 Results of the RMS-WQI model  525 

The present study utilized the RMS-WQI model to assess the WQ status of the Bhairab River. Prior 526 

to this, numerous studies utilized a similar approach for calculating WQI scores (Faruq et al., 2025; 527 

Gani et al., 2023; Sajib et al., 2024; Uddin et al., 2024a; Uddin et al., 2023a; Uddin et al., 2022b). 528 

Fig. 5 shows the summary of the RMS-WQI scores at various monitoring sites throughout the 529 

study period, whereas Fig. 6 presents the spatio-temporal distribution of RMS-WQI scores in the 530 

Bhairab River. Additionally, a detailed calculation of the SI value of each WQ indicator during 531 

2021-2024 can be found in Table S5 (Supplementary materials). During the study period (2021-532 
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2024), WQI scores at eight monitoring sites (S1 to S8) of the Bhairab River showed a consistent 533 

decreasing trend. Specifically, WQI scores are relatively higher in 2021 compared to other years 534 

The WQI scores in 2021 ranged from 56.25 (S4) to 67.34 (S6) (Fig. 5). Furthermore, the proportion 535 

distribution map of WQI scores validates these findings, as site S6 represented the largest circle, 536 

indicating the highest WQI score, whereas S4 is exhibited with the smallest, reflecting the lowest 537 

WQI score (Fig. 6a). In 2022, WQI scores range from 48.45 (S2) to 69.75 (S4). The sites S4, S5, 538 

and S6 exhibited higher WQI scores than other sites on the distribution map in 2022 (Fig. 6b). 539 

However, there was a notable downward trend of WQI scores observed between 2023-2024. The 540 

WQI scores ranged from 33.43 (S7) to 54.98 (S1) in 2023, while in 2024, WQI scores reached 541 

their lowest levels, ranging from 15.88 (S6) to 30.16 (S1). In summary, a consistently decreasing 542 

trend in WQI scores was observed over the study period across all monitoring sites.  543 

 544 
Fig. 5. Computed RMS-WQI scores at each monitoring site in the Bhairab River during the study period. 545 
 546 
 547 
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 548 

Fig. 6. Geo-spatial distribution of WQI scores in the Bhairab River during the study period. Here, (a), (b), (c), and (d) 549 
show the distribution of WQI scores at each monitoring site for 2021, 2022, 2023, and 2024, respectively.  550 

3.3 ML/AI models result for WQI prediction  551 

The study utilized eight ML/AI algorithms (GBR, CatB, XGB, AdaB, ANN, RF, SVM, and MLR) 552 

to predict WQI scores in the study area. The performance of these models was evaluated utilizing 553 

RMSE, MSE, MAE, PABE, and R2. Additionally, a ranking method was utilized to identify the 554 

best-fit model.  555 

3.3.1 Performance of ML models 556 

Table S6 (Supplementary materials) shows the performance metrics of different ML/AI models 557 

based on RMSE, MSE, MAE, PABE, and R2 scores. Among the eight ML/AI models utilized in 558 

the study to predict WQI scores, the ANN model showed outstanding performance, ranking first 559 
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based on prediction accuracy and overall ranking score during the study period (2021-2024). 560 

Moreover, SVM and CatB models showed notable performance on various datasets, but the 561 

consistency of predicted performance over the years was not stable. In contrast, the GBR exhibited 562 

the weakest performance overall among the utilized models (Table S6).  563 

Specifically, the ANN model performed best compared to other models with remarkably lower 564 

RMSE (0.82), MSE (0.67), MAE (0.72), and PABE (0.01) for the 2021 dataset (Fig. 7). Although 565 

the test performance metrics are slightly higher than the training metrics in 2021, but the difference 566 

was not notable. The ANN maintained consistent accuracy for the 2022 and 2023 datasets. 567 

However, its performance is slightly declined for the 2024 dataset, with higher RMSE (1.63), MSE 568 

(2.66), MAE (1.1), and PABE (0.04). On the other hand, SVM showed good performance during 569 

the training phase but suffered severe overfitting, ranking poorly in testing across all the years 570 

(Table S6). Furthermore, boosting algorithms such as AdaB, CatB, and XGB models have shown 571 

good accuracy with balanced performance and low overfitting compared to other models. 572 

Conversely, GBR, MLR, and RF models showed poor performance over the years, indicating poor 573 

generalization capabilities with these WQ datasets (Table S6). In this study, the consistent 574 

performance of the ANN model validated that the neural networks are well-suited for capturing 575 

long-term trends and complex dependencies within yearly aggregated data (Ubah et al., 2021). The 576 

research results are consistent with prior studies conducted on WQI score prediction in various 577 

waterbodies (Chen et al., 2020; Chen & Hao, 2025; Frincu, 2024; Sajib et al., 2023; Satish et al., 578 

2024).  579 
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 580 

Fig. 7. Performance metrics of the ANN model during the training and testing phase.  581 

3.3.2 Role of Optuna optimizer on prediction capabilities  582 

The current study utilized the Optuna optimizer to enhance the prediction accuracy of applied 583 

ML/AI models. Due to its flexibility and effective performance in hyperparameter tuning, this 584 

method has been utilized to optimize the models in numerous water research studies (Islam et al., 585 

2024; Olbert et al., 2025; Uddin et al., 2024b). Table 3 shows the optimal hyperparameter values 586 

utilized for model testing. In the hyperparameter setting, the logistic and tanh activation functions 587 

were identified as the best functions for utilized datasets. Typically, these functions were utilized 588 

as the base for developing ANN models to solve non-linear problems (Althubiti et al., 2023).  589 

Furthermore, the optimizer results revealed that the alpha value (L2 regularization parameter) was 590 

notably higher in 2021, indicating strong regularization to reduce overfitting. However, from 2022 591 

to 2024, the alpha value decreased notably, indicating minimal regularization (Table 3). For 592 
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instance, the lowest alpha value was observed for the 2024 dataset, which may be an optimal value 593 

for a well-structured dataset to prevent overfitting (Fiorentini et al., 2022; Frazier, 2018; Huang & 594 

Le, 2021). Typically, the number of neurons in the hidden layer of an ANN model defines the 595 

overall structure of the model (Huang & Le, 2021). In the 2021 dataset, the developed ANN-596 

Optuna model utilized a single hidden layer with 100 neurons, indicating a simpler architecture. 597 

In contrast, from 2022 to 2024, the model was transformed into a deeper architecture with two 598 

hidden layers (150 and 200 neurons).  599 

Furthermore, the Optuna optimizer also determined that the ‘adaptive’ learning strategy was 600 

effective for the developed ANN model. The primary strength of this setting is that it stabilizes the 601 

model and avoids slow learning problems (Qian et al., 2021). Additionally, in terms of max 602 

iterations, Optuna has consistently identified 1000 training epochs as optimal across the years. The 603 

consistency of the 1000 iterations over the years indicates that this value is sufficient for the ANN 604 

model to achieve convergence without early stopping (Miseta et al., 2023). Moreover, the 605 

‘Stochastic Gradient Descent’ (sgd) solver was suggested by Optuna throughout the years to 606 

minimize the loss function of the ANN model.  607 

Table 3. Best hyperparameter value utilized in the ANN-OPUTNA model 608 

Hyperparameters 2021 2022 2023 2024 

Activation function logistic tanh tanh tanh 

Alpha 0.99 1.00165E-08 1.2118E-08 1.001E-08 

Hidden layer sizes 100 150, 100 150, 100 150, 100 

Learning rate adaptive adaptive adaptive adaptive 

Max iterations 1000 1000 1000 1000 

Solver sgd sgd sgd sgd 

 609 

3.3.3 Comparison between actual and predicted WQI scores 610 

The study evaluated the differences between actual and predicted WQI scores to assess the 611 

accuracy of the ANN-Optuna model at each monitoring site. The line plot (Fig. 8) shows the actual 612 
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and predicted WQI scores for all the years. It can be seen from the plot (Fig. 8) that across the 613 

years an underfitting and overfitting problem has emerged at different monitoring sites.  614 

Specifically, high overfitting and underfitting were found at sites S3 and S4 in 2021, respectively. 615 

Moreover, an underfitting was observed at sites S2 and S5 in 2021. Conversely, a notable 616 

overfitting was observed for site S7 during 2022-2023. However, the same monitoring site (S7) 617 

experienced an underfitting problem in 2024. Typically, these problems (e.g., underfitting and 618 

overfitting) indicate that the ANN model either failed to capture the complexity of the independent 619 

variables (e.g., WQ indicators) or was affected by a small training size/noisy data (Kariri et al., 620 

2023; Maier et al., 2023; Sakizadeh et al., 2015). 621 

It is worth noting that the highest levels of overfitting and underfitting were observed at site S4 in 622 

2022 and 2023 (Fig. 8). Moreover, the highest differences between the actual and predicted WQI 623 

scores were observed in 2024. The result suggests that the model failed to capture the complexity 624 

of the input data at all monitoring sites in 2024 (Chen et al., 2020). In contrast, the lowest variance 625 

was found in the 2023 dataset, indicating that the model successfully captures the complexity of 626 

data input for that year. Overall, the research findings demonstrated the accuracy of the ANN-627 

Optuna model in predicting WQI scores at each monitoring site across all the years. Nevertheless, 628 

temporal variations were observed at different sites (e.g., S5, S4, S7, S8) in predicting WQI score, 629 

which required further attention (Fig. 8).  630 
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631 

Fig 8. Difference between actual and predicted RMS-WQI scores at each monitoring site across all the years along 632 

the Bhairab River.  633 

The study further utilized Bland-Altman analysis to assess the agreement/disagreement between 634 

actual and predicted WQI scores in the study area (Fig. 9). In particular, this method evaluated the 635 

performance of the ANN-Optuna model by comparing the differences between actual and 636 

predicted WQI scores against their mean values, with a 95% confidence interval in this study. In 637 

2021, the LOA (limit of agreement) ranged from -1.782 to 1.635, with a slight underprediction 638 

(bias of -0.073) found between actual and predicted WQI scores. This range suggests moderate 639 

variability with reasonable agreement. However, as the LOA range increased in 2022 (-2.916 to 640 

1.679), with the negative bias value (-0.618), indicating a lower level of agreement compared to 641 

2021. In contrast, the bias is minimal (0.204) in the 2023 dataset, indicating better agreement 642 

between actual and predicted WQI scores (Fig. 9). However, the LOA range (-2.325 to 2.733) is 643 

quite wide in 2023 dataset, indicating greater variability. This variability may be due to the weak 644 
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prediction performance at sites S4 and S7 by the ANN-Optuna model (Fig. 9). Furthermore, in 645 

2024, the model showed an underestimation bias (-0.393), with the widest LOA range (-3.712 to 646 

2.925), verifying the model’s weak performance in S1, S3, S4, S7, and S8 monitoring sites (Fig. 647 

9). Although the ANN-Optuna model showed few over- and underestimation at certain monitoring 648 

sites, the overall performance of this model is high compared to other models.  649 

 650 

Fig. 9. Bland-Altman plot analysis at 95% confidence level showing the differences against the average values of 651 
actual and predicted RMS-WQI scores (the blue and green lines indicate the upper and lower limits of agreement 652 
(LOA), respectively).  653 

3.4 Model reliability assessment  654 

3.4.1 Result of model efficiency  655 

In order to assess the performance of the ANN-Optuna model in predicting WQI scores at each 656 

monitoring site during the study period, the study utilized NSE, MEF, and PREI statistics. These 657 

metrics were commonly utilized by researchers to assess model efficiency and reliability (Khan et 658 



35 

 

al., 2025; Sajib et al., 2024; Uddin et al., 2023a). Fig. 10 presents the NSE, MEF, and PREI results 659 

for eight monitoring sites along the Bhairab River.  660 

It is apparent from Fig. 10 that among the eight monitoring sites, site S8 exhibited a high negative 661 

NSE value (-104) and a high MEF value (10.2) in 2021 WQI scores, which may indicate poor 662 

model performance. Although the difference between actual and predicted scores is 0.5, it is worth 663 

noting that the NSE value appears larger due to the site’s greater deviation from the average WQI 664 

score of the 2021 dataset. On the other hand, a stable performance was observed across all 665 

monitoring sites during the 2022-2024 period, with an average NSE value of 0.98 in 2022, 0.95 in 666 

2023, and 0.94 in 2024, and consistent MEF values across monitoring sites (average MEF 2022 = 667 

0.1; 2023 = 0.1; 2024 = 0.2). The result indicates effective performance of the ANN-Optuna model 668 

in the study area. Furthermore, the current research utilized PREI statistics to evaluate the accuracy 669 

of the ANN-Optuna model in predicting WQI score at each monitoring site. Typically, PREI 670 

statistics highlight the problems of overestimation (+ value) and underestimation (- value) in model 671 

predictions. It can be seen from Fig. 10(b,d,f,h) that a number of overestimations and 672 

underestimations were observed at the monitoring sites during the study period. Specifically, S1, 673 

S4, and S7 showed consistent overestimation and underestimation problems during the study 674 

period (2021-2024), which required further investigation. The highest overestimation problem was 675 

observed at site S1 (PREI = 13.4) in 2024, while the highest underestimation problem was 676 

observed at site S4 (PREI = -6.53) in 2023. Nevertheless, the average PREI score for each year 677 

indicates that the ANN-Optuna model is suitable for predicting WQI scores in the Bhairab River. 678 

These results are consistent with previous research (Abbaszadeh et al., 2022; Dada et al., 2025; 679 

Pinichka et al., 2025; Uddin et al., 2022a; Yuan et al., 2024), further strengthening the reliability 680 
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of the model. Overall, these results indicate that the ANN-Optuna model is highly efficient in 681 

predicting WQI scores in the study area.  682 

 683 
Fig. 10. The ANN-Optuna model efficiency assessment at each monitoring site using NSE, MEF, and PREI metrics.  684 

3.4.2 Sensitivity of model  685 

The current study utilized R2 to assess the sensitivity of the model. Fig. 11 shows the scatter plot 686 

with regression lines and 95% confidence interval, comparing the actual and predicted WQI scores 687 

during the study period in the Bhairab River. In terms of sensitivity, the ANN-Optuna model 688 

showed high sensitivity with R2 > 0.90 during the study period, indicating excellent sensitivity. 689 

Specifically, the model demonstrated that the predicted values could explain approximately 96% 690 

of the variability in the actual WQI score from 2021 to 2023. Additionally, a narrow 95% 691 

confidence interval further validates reliable prediction by the ANN-Optuna model in the Bhairab 692 
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River (Fig. 11). However, a wider 95% confidence interval was found in 2023 compared to 2021-693 

2022, indicating slight variability in WQI score predictions. In contrast, the sensitivity score drops 694 

to R2 = 0.90 with a wider 95% confidence interval in 2024, showing a limited variability in 695 

predicted WQI scores (Fig. 11). Consequently, the lower R2 and wider confidence interval in 2024 696 

suggest that the ANN-Optuna model might be less responsive to the lower range of WQI scores. 697 

These notable decreases in sensitivity score require further investigation. Nevertheless, it is worth 698 

noting that overall, the ANN-Optuna model showed high sensitivity across the Bhairab River for 699 

all years, indicating a high level of agreement between dependent and independent variables in the 700 

developed model. The result is consistent with previous research (Chen et al., 2020; Chen & Hao, 701 

2025; Frincu, 2024; Rustam et al., 2022; Sajib et al., 2023; Satish et al., 2024), which has 702 

consistently demonstrated that the neural network models are highly effective in capturing long-703 

term trends and complex dependencies. In summary, the result collectively indicates that the 704 

developed model may be utilized in other tidal rivers with similar characteristics to assess surface 705 

water in terms of sensitivity. 706 
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 707 

Fig. 11. The scatter plot between actual and predicted WQI scores with regression lines and a 95% confidence interval.  708 

3.4.3 Uncertainty of model 709 

The study utilized inferential error bars with 95% confidence interval to assess model uncertainty. 710 

Additionally, a statistical summary of actual and predicted scores is presented to support this 711 

uncertainty measure. Fig. 12 presents the error bars of actual and predicted WQI scores, while Fig. 712 

13 shows a statistical summary of actual and predicted WQI scores across the years for the Bhairab 713 

River. It can be seen from Fig. 12 that the mean predicted WQI scores are slightly lower than the 714 

actual mean WQI scores in 2021, yet the overlapping 95% confidence interval indicates low 715 

uncertainty. A similar consistent result was observed in 2022 WQI scores, where predicted WQI 716 

scores are very close to the calculated WQI scores mean (Fig. 12). However, there is a slight wider 717 

95% confidence interval range observed in 2023 WQI scores, indicating greater uncertainty 718 

compared to previous years. On the other hand, mean predicted WQI scores are quite lower than 719 

the actual mean WQI scores in 2024, indicating higher uncertainty than the 2021-2023 WQI scores. 720 
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Overall, it is noteworthy that the observed uncertainty between actual and predicted WQI scores 721 

in this study was not high, indicating a good level of accuracy and reliability in the predictions of 722 

the ANN-Optuna model. Furthermore, the results of the inferential error bars are further validated 723 

by the statistical summary of the actual and predicted WQI scores (Fig. 13). Fig. 13 shows that 724 

there is apparently slight difference between actual and predicted mean and standard deviation 725 

(SD), indicating the excellent performance of the model. The ANN model’s result is consistent 726 

with earlier research (Ding et al., 2023; Nishat et al., 2025; Rustam et al., 2022; Sajib et al., 2023; 727 

Satish et al., 2024; Uddin et al., 2022c). In summary, these results indicate that the developed 728 

model can be utilized for future WQ prediction for the Bhairab River.            729 

 730 
Fig. 12. Error bars of actual and predicted WQI scores with 95% confidence interval. Here a dot (circle) represents 731 
the mean value, with caps around the dot indicating the 95% confidence interval for the mean value.   732 

 733 
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 734 
Fig. 13. Statistical summary of actual and predicted WQI scores in the Bhairab River during 2021-2024. (Here SD = 735 
standard deviation) 736 

3.5 Result of the WQI score calculation error assessment   737 

The degree of ambiguity and eclipsing of the RMS-WQI model was assessed in this study to 738 

determine the reliability and interpretability of the model. Table 4 presents a summary of ambiguity 739 

and eclipsing problems observed during calculation of the RMS-WQI scores. It is apparent from 740 

Table 4 that the highest levels of ambiguity and eclipsing problems were found in the calculation 741 

of 2023 WQI scores, while the 2024 dataset recorded the lowest (Table 4). In 2021, two monitoring 742 

sites (S2 and S4) showed ambiguity problems due to their average SI values, which should be in 743 

the range of 50-79 (refer to ‘fair’ WQ rating). However, both sites scored below 50, resulting in a 744 

‘marginal’ rating. In terms of eclipsing issues, no eclipsing issues were observed in the 2021 745 

dataset, as the data followed the eclipsing criteria addressed in Table S3 (Supplementary 746 

materials). In contrast, during 2022-2023, an average of more than three sites showed eclipsing 747 

and ambiguity problems, which required further investigation. Moreover, at S1 monitoring site, 748 

both eclipsing and ambiguity problems were observed due to a slight increase in WQI score (WQI 749 
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≈ 30), indicating the inherent limitations of the WQI framework. The outcome aligns with previous 750 

research (Faruq et al., 2025; Gani et al., 2023; Sajib et al., 2023; Uddin et al., 2024a). In summary, 751 

the results of ambiguity and eclipsing indicate that the RMS-WQI framework suitable for 752 

assessment of tidal rivers by addressing eclipsing and ambiguity problems.  753 

Table 4. Results of ambiguity and eclipsing assessment 754 

Year 
Eclipsing Ambiguity 

Number of sites (N = 8)  Percent (%) Number of sites (N = 8)  Percent (%) 

2021 0 0 2 25 

2022 3 37.5 4 50 

2023 6 75 5 62.5 

2024 1 12.5 1 12.5 

 755 

3.6 Assessment of water quality in the Bhairab River 756 

3.6.1 Result of trend analysis 757 

In order to assess the temporal variability and trend assessment of WQ in the Bhairab River during 758 

the study period, the current research utilized the Friedman test and the Mann-Kendall test. Fig. 759 

14 shows the decreasing trend of WQI scores across monitoring sites between 2021-2024. 760 

Temporal variability was observed in WQI scores during the study period (2021-2024) with the 761 

Friedman test statistic of 21.75 and a p-value of 7.35 × 10-5 (p < 0.05). The results of this test 762 

suggest that there is a significant difference in the overall WQ between 2021 to 2024. This data 763 

supports the alternative hypothesis and indicates that the river was unable to maintain a consistent 764 

WQ status during the study period. In addition, the results are validated by the downward trend of 765 

WQI scores, where the average WQI score decreased from 65 to 22 between 2021 to 2024, 766 

respectively (Fig. 5).  The similar downward trend results of WQ across the study area have been 767 

reported in literature (Ali et al., 2022; Hasan et al., 2019; Islam et al., 2018; Khan et al., 2019).   768 
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Also, the Mann-Kendall trend result showed a statistically perfect monotonic decrease trend with 769 

a Tau value = -1.0 and a p-value < 0.05 for sites S1, S2, S3, S7, and S8 (Fig. 14a). On the contrary, 770 

the sites S4, S5, and S6 have a decreasing trend in terms of the Kendall Tau value (-0.67), but the 771 

trend is not statistically significant (p-value > 0.05). On the other hand, a strong, perfect, and 772 

significant decreasing trend (Tau value = -1.0, p < 0.05) was observed in yearly average WQI 773 

scores in the Bhairab River during 2021-2024 (Fig. 14b). However, the results of the trend analysis 774 

revealed that the Bhairab River WQ deteriorated gradually over the years due to the loading of 775 

higher anthropogenic stressors (see Fig. 16).  776 

 777 
Fig. 14. Trend of WQ (using WQI scores) in the Bhairab River from 2021 to 2024.   778 

3.6.2 Water quality status in the Bhairab River over the years 779 

The research utilized the RMS-WQI model to assess the WQ status of the Bhairab River across 780 

eight monitoring sites from 2021 to 2024. Fig. 15 shows the spatio-temporal distribution of WQ 781 

status at different monitoring sites in the Bhairab River. It can be seen from the figure that the WQ 782 

status at all monitoring sites remained relatively stable for 2021 and 2022 except for the S2 site, 783 

whereas most monitoring sites presented a ‘fair’ WQ rating (Fig. 15 a,b). However, a decreasing 784 
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trend was observed between 2023-2024, as most of the monitoring sites presented ‘marginal’ to 785 

‘poor’ WQ ratings, indicating notable deterioration of WQ in the Bhairab River (Fig. 15 c,d). The 786 

worst scenario was observed in 2024, as most of the monitoring sites (> 87.5% of monitoring sites) 787 

showed a ‘poor’ WQ rating in the study area. Furthermore, the rating for 2023-2024 collectively 788 

indicates that most of the WQ indicators in these years breached the standards recommended by 789 

ECR (2023) and WHO (2022). According to Table 2, ‘marginal’ and ‘poor’ rated WQ is unsuitable 790 

for any type of use and poses a notable threat to aquatic life. These findings are consistent with 791 

earlier studies on the Bhairab River, which also reported a steady decline in WQ due to increasing 792 

domestic, industrial, and urban discharges (Bari et al., 2025; Hashan et al., 2023; Rafizul et al., 793 

2017; Uddin, 2015). The convergence of results reinforces the evidence that the Bhairab River is 794 

under severe anthropogenic pressure.  795 

The findings of the current research indicate that there may be weak implementation of laws and 796 

regulations in the Bhairab River WQ management. To achieve Sustainable Development Goals 797 

(SDG) 6, the Bhairab and other rivers in Bangladesh require an integrated river monitoring and 798 

management system, along with strict implementation of the Bangladesh Environment 799 

Conservation Act (1995) and the Environmental Conservation Rules (ECR, 2023). This combined 800 

approach could safeguard the Bhairab River ecosystem and its living organisms. The research 801 

supports some of the key targets of SDG-6, including target 6.3 (reducing pollution and untreated 802 

wastewater for improving WQ), target 6.5 (holistic water resources management for all types of 803 

waters), target 6.6 (protection of water-related ecosystems), and target 6.8 (capacity building in 804 

water monitoring and management through local engagement) (SDG, 2015). 805 
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  806 

Fig. 15. Status of WQI in the Bhairab River. Here, (a), (b), (c), and (d) show the individual ratings (e.g., good to poor) 807 
of WQI scores at each monitoring site for 2021, 2022, 2023, and 2024, respectively. 808 

3.6.3 Response results to tidal events of the RMS-WQI framework  809 

Across all years (2021–2024), based on the tidal influences in tidal dominated domains, the 810 

research identified four WQ indicators which are highly affected by the tidal attributes in Bhairab 811 

river. Based on the tidal pressures, the analyzed indicators can be addressed into two associations 812 

(i) physical tidal forcing indicators EC and Cl⁻ these are crucial factors as the dominant physical 813 

drivers (Cereja et al., 2021; Feng et al., 2025; Skibbe et al., 2024), reflecting the magnitude of 814 

salinity intrusion associated with tidal exchange; and (ii) biogeochemical response DO and BOD5 815 

these can be able to capture the ecological response linked to oxygen depletion and organic loading 816 
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(Kar et al., 2022; Zhang et al., 2025). As a response to the tidal events of these WQ indicators, Fig. 817 

16 shows the SI response/sensitivity and Fig. 17 presents the association between measured 818 

indicators concentration (raw) and SI with computed RMS-WQI scores, respectively.  819 

It can be seen from Fig. 16 clearly how each WQ indicator propagates through the RMS-WQI 820 

framework. Considering physical tidal forcing indicators EC and Cl⁻, increasing salinity produces 821 

a monotonic decline in SI, followed by consistent lower RMS-WQI scores. This result reveals that 822 

the SI functions could be effective to address the impact of short-term salinity variation due to the 823 

tidal effects instead of smoothing them out. Contrary, as biogeochemical response DO, a 824 

considerable threshold response is observed (Fig. 16(iii)); whereas the SI remains high under well-825 

oxygenated conditions but drops sharply once hypoxic thresholds are crossed (Uddin et al., 2021; 826 

Uddin et al., 2022b), and this consequence also reveals that the RMS-WQI framework could be 827 

more effective to assess the tidal dominated waterbodies. Similarly, elevated BOD5 shows a similar 828 

attribute, with rapid SI deterioration propagating into reduced RMS-WQI values over the four 829 

years indicating higher organic loading in the river (Anzum et al., 2023; Bari et al., 2025; Khan et 830 

al., 2019). 831 
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 832 

Fig. 16. Response the SI functions to the tidal dominated WQ indicators. 833 

In addition, the Fig. 17 clearly demonstrate that the EC and Cl⁻ exhibit the strongest and most 834 

stable associations along the Raw (each indicators field measured values)–SI–RMS-WQI scores, 835 

confirming the salinity variability as the primary control on RMS-WQI framework behavior in this 836 

tidal ecosystem. Although, DO and BOD5 show moderate but highly sensitive, indicating that 837 

biogeochemical stress could be influenced the RMS-WQI by the hydrodynamics factors like 838 

regular or irregular tidal events.  839 
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The results of the sensitivity (R2 heatmap from Fig. 17) between tidal dominated WQ indicators 840 

like EC, Cl⁻, DO and BOD5 highlight the RMS-WQI framework could be effective under the 841 

highly non-stationary conditions. Relatively, the conventional WQI approaches based on linear 842 

averaging, the advanced RMS-WQI using a quadratic aggregation that amplifies degraded sub-843 

indices, thereby avoiding the masking of episodic stress events. It can be seen from the Raw–SI–844 

RMS relationships in Fig. 17, the RMS-WQI farmwork could be enhanced detection of short-lived 845 

extremes, reduced eclipsing of key stressors by stable indicators like temperature, pH, these 846 

indicate the structural robustness of the model under strong temporal variability over the years. 847 

However, the results of the tidal dominated indicators reveal that the RMS-WQI framework could 848 

be effective to address various stressors due to the regular or irregular tidal attributes in any tidal 849 

dominated domains at any geospatial resolution across the globe.  850 

 851 
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 852 

Fig. 17. Sensitivity of the various WQ indicators and their behavior within the RMS-WQI framework under the tidal 853 
events in the Bhairab river. 854 

3.7 Pollution hotspot analysis  855 

To identify the pollution hotspots in the Bhairab River, the study conducted a field visit around the 856 

WQ monitoring sites. Fig. 18 presents the major pollution sources in the study area. It can be seen 857 

from Fig. 18 that the main sources of pollutants in the Bhairab River are various types of industries 858 

(such as cable, fertilizer, flour, jute, oil, plastic, rice, salt, ship construction, tannery and leather, 859 

and textiles), along with brick kilns and urban waste dumping stations. Additionally, the region 860 
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was historically dominated by the jute industry (Haque et al., 2021; Islam & Alauddin, 2012; 861 

Rahman et al., 2025b), currently with 19 jute mills along the banks (Fig. 1). Based on the field 862 

visit, it is also revealed that a range of various industries, such as cement, leather, textile, and power 863 

plants, are being built along the river catchment area and could be expected to grow in the near 864 

future. These pollution sources can release various types of pollutants, such as particulate matter, 865 

sulfur dioxide, heavy metals, etc. (Ayilara & Babalola, 2023; Bărbulescu & Hosen, 2025; Raj & 866 

Das, 2023; Sathya et al., 2022). On the other hand, the key driver behind this industrial growth is 867 

the notable development of transportation networks, which is leading to an increase in new 868 

industrial establishments (Islam et al., 2021). As a result, the river is at risk of receiving more 869 

industrial waste from the factories. Subsequently, this industrial development accelerated internal 870 

migration and urban development in this region (Alam et al., 2023). Additionally, the field survey 871 

also revealed several domestic/market waste dumping sites and urban wastewater discharge into 872 

the river at monitoring sites S4, S6, S7, and S8 (Fig. 18). These sources include plastics, domestic 873 

organic/inorganic waste, and sewage, which might elevate the BOD5 level and reduce the DO level 874 

in the study area, as evident in the 2023 and 2024 datasets. Furthermore, urban wastewater could 875 

introduce heavy metal pollution in water (Ali et al., 2022; Musa et al., 2025; Sarkar et al., 2016). 876 

Apart from these pollution sources, frequent movement of oil- and coal-carrying ships, coal 877 

dumping, ship manufacturing activities, etc., have been identified as the major sources of pollution 878 

in this area. In summary, the water of the Bhairab river is under stress due to various points (e.g., 879 

industrial and urban waste discharge) and non-point (e.g., rainfall runoff from urban and 880 

agricultural surface) pollution sources. These sources are not only deteriorating WQ (Bari et al., 881 

2025; Chowdhury et al., 2024; Hashan et al., 2023; Rafizul et al., 2017; Uddin, 2015) but also 882 

exposing the water to more complex scenarios such as microplastic (Shakik et al., 2025) and heavy 883 
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metal pollution (Sarkar et al., 2016). Consequently, water becomes unsuitable for most domestic 884 

and human uses (Ali et al., 2022; Hasan et al., 2019; Musa et al., 2025). Overall, field observation 885 

visually validates the numerical results of the present study. 886 

 887 

Fig. 18. Sources of pollution in the Bhairab River 888 
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4. Summary and Conclusion 889 

The research was carried out to investigate the spatio-temporal variation in WQ in the Bhairab 890 

River from 2021 to 2024. The main objective of this research was to assess the WQ status by 891 

leveraging the advanced RMS-WQI model incorporating the ML/AI algorithms, whereas the 892 

research also addressed the major pollution sources across different monitoring sites in the Bhairab 893 

River. The findings of the study are summarized as follows:  894 

• Among the WQ indicators, TEMP, DO, and BOD5 breached the standard guidelines at most 895 

monitoring sites over the study period. It should be noted that TS and Cl- concentrations 896 

were found at risk levels (with a mean TS value of 1680.49 ± 191.04 mg/L and Cl- value 897 

of 1175.81 ± 266.16 mg/L in 2024, respectively). Although the DO and BOD5 898 

concentrations showed considerable variability, whereas DO exceed WHO standards at 899 

63% of sites in 2022, and BOD5 consistently breached the ECR (2023) guideline at 100% 900 

and 75% of sites in 2024 and 2023, respectively.  901 

• The RMS-WQI scores showed a significant (Friedman test statistics = 21.75, p < 0.05; 902 

Kendall Tau value = -1.0, p < 0.05) and consistent decline in WQI scores at all monitoring 903 

sites during the study period, with WQ status falling from the ‘fair’ category in 2021 to 904 

‘poor’ status by 2024.  905 

• The ANN-Optuna model showed excellent performance with minimal errors in predicting 906 

WQI scores compared to the other seven ML/AI models utilized in this study. However, 907 

some overfitting and underfitting issues were observed in 2024. Despite these issues, the 908 

ANN-Optuna model demonstrated strong accuracy and reliability in predicting WQI 909 

scores.  910 
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• The model efficiency (NSE, MEF, and PREI) results indicate that the model is reliable for 911 

predicting WQI scores. However, certain monitoring sites such as S1, S3, and S7 showed 912 

discrepancies that require further investigation.  913 

• The outcome of the model’s sensitivity and uncertainty indicated that the ANN-Optuna 914 

model was highly sensitive in capturing WQI variability (R2 ≥ 0.9) with low uncertainty 915 

across all the years. 916 

• Different types of industries, brick kilns, and urban waste disposal sites have been 917 

identified as the major pollution sources in the study area.  918 

The study has identified that the WQ of the Bhairab River has consistently declined in the last few 919 

years, posing a notable threat to the Bhairab River ecosystem. One of the key findings that emerged 920 

from this research is that poor management of industrial discharge and urban waste are the primary 921 

sources of increased pollution levels in the study area. As a result, the local government needs to 922 

impose strict pollution control measures, including sustainable WQ management strategies, to 923 

reduce the impact of pollution around the river. Although this study provides valuable insights into 924 

the WQ status of the study area, it has some limitations. For instance, the study did not consider 925 

other aspects, such as seasonal variation and tidal effects on WQ in the study area. Additionally, 926 

while investigating pollution sources, riverside land use plays a pivotal role in altering WQ (Anh 927 

et al., 2023; Faruq et al., 2025; Gani et al., 2023; Zhu et al., 2024). Therefore, future research 928 

should incorporate seasonal variation in WQ, including full spatial coverage of the monitoring 929 

sites, and it could receive potential attention to explore pollution pressures resulting from land 930 

cover changes over the years. Additionally, future research should expand this adaptive framework 931 

by incorporating remote sensing, climate change scenarios, and cross-basin applications to 932 

enhance the resilience of tidal river ecosystems in South Asia. The findings of this study can be 933 
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useful for different stakeholders (e.g., local communities, government organizations, 934 

policymakers, environmental agencies, non-governmental organizations, and researchers) for 935 

developing integrated sustainable development plans, which include pollution control, aquatic 936 

ecosystem restoration, and ensuring sustainable water resource management. In summary, the 937 

research emphasizes the urgent need to develop comprehensive management practices and 938 

pollution control strategies for the Bhairab River. The findings of this study also provide a robust 939 

framework for evaluating the WQ status of tidal rivers using the RMS-WQI model and ML/AI 940 

techniques.  941 
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Table S1. Description of monitoring sites in the Bhairab River 

Sampling 

site 

Sampling location Site description 

Longitude Latitude Type Description 

Within Jashore district  

S1 89.36887 23.13734 Rural Agriculture-dominated areas are characterized by crop 

cultivation and livestock farming. 

S2 89.39539 23.03663 Suburban Presence of fertilizer, cement, textile factories, coal depots, 

and brick fields. 

S3 89.41357 23.01507 Suburban Industrial zone with jute mills, cement factories, tanneries, 

and power plants. 

S4 89.47869 22.97521 Suburban Mixed industrial and residential area with jute mills, 

cement factories, tanneries, coal depots, and domestic 

waste sources. 

Within Khulna district  

S5 89.51664 22.91769 Urban Wastewater discharge points in proximity to brick fields, 

cement factories, and cable manufacturing industries. 

S6 89.5566 22.85071 Urban Area influenced by wastewater discharge, power plants, oil 

depots, and textile industries. 

S7 89.56664 22.81968 Urban  Located near the city center, affected by solid waste 

dumping and wastewater discharge. 

S8 89.58246 22.80136 Urban  Industrial zone with shipyard operations, port activities, 

and urban wastewater discharge. 

 

Table S2. Sub-index formula utilized in this study to measure RMS-WQI score (Uddin et al., 2022a) 

WQ Indicator Conditions Sub-Index equation 

TEMP 

(i) TEMP ≤ 25 100 

(ii) TEMP > 25 0.0 

EC, Cl-, TS, BOD - 𝑆𝐼 = (𝑆𝐼𝑢 − 𝑆𝐼𝑙) −
(𝑆𝐼𝑢×𝑊𝑄𝑚)

(𝑆𝑇𝐷𝑢−𝑆𝑇𝐷𝑙)
              

DO - 𝑆𝐼 = (𝑆𝐼𝑢 − 𝑆𝐼𝑙) −
(𝑆𝐼𝑢 ∗ 𝑊𝑄𝑚)

(𝑆𝑇𝐷𝑢−𝑆𝑇𝐷𝑖)
× 𝑆𝐼𝑢   

pH 

(i) If, pH < 6.5 𝑆𝐼 =
(𝑊𝑄𝑚−𝑆𝑇𝐷𝑙)

(𝑆𝑇𝐷𝑢−𝑆𝑇𝐷𝑖)
× 𝑆𝐼𝑢                                                        

(ii) If, pH > 8.5 and pH ≤ 9.0 

𝑆𝐼 = (𝑆𝐼𝑢 − 𝑆𝐼𝑙) −
(𝑆𝐼𝑢 ∗ 𝑊𝑄𝑚)

(𝑆𝑇𝐷𝑢−𝑆𝑇𝐷𝑖)
× 𝑆𝐼𝑢                                 

Where 𝑆𝐼𝑢 and 𝑆𝐼𝑙 are the lower and upper bounds of SI values (0 

and 100, respectively), 𝑆𝑇𝐷𝑙 and 𝑆𝑇𝐷𝑢 are the lower and upper 

reference values, and 𝑊𝑄𝑚 is the measured WQ indicator value. 

(iii) If pH ≥ 7.5 and pH ≤ 8.5 100 
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Table S3. Eclipsing criteria utilized in this study (Uddin et al., 2022b) 

Water quality status Expected number of water quality indicators that breach the guideline value 

Good 0 indicator 

Fair 1-2 indicators 

Marginal 3 indicators 

Poor More than 3 indicators  

 

2.5.2 ML/AI algorithms 

(i) Adaptive Boosting: Adaptive Boosting is a machine learning technique that employs a 

sample weighting mechanism to combine several weak learners into a stronger and accurate 

predictor (Yousefi et al., 2024). It does not require prior knowledge about the weak learner’s 

performance which makes it adaptable to various base models. Nonetheless, AdaBoost is 

sensitive to noisy data and outliers because it assigns higher weights to misclassified instances, 

including those that might be errors or anomalies. As a result, it leads to overfitting on noise 

(Schapire et al., 2013). 

(ii) Artificial Neural Networks: Artificial Neural Networks are a distinctive class of non-linear 

models, inspired by the functioning of the human brain. Its interconnected neurons mirror the 

structure of biological neurons (Zhu & Heddam, 2019). On the positive side, ANNs excel at 

handling complex, non-linear relationships in data, and can learn from large datasets. While, it 

can be computationally intensive, require large amounts of labeled data, as well as decision-

making mechanism of hidden layers make it difficult to understand (Tu, 1996). 

(iii) Categorical Boosting: Categorical Boosting model is a gradient boosting algorithm 

designed to address target leakage and prediction shift. Its unique statistical method improves 

model robustness and makes it effective for small and challenging datasets (Chen et al., 2024). 

It also employs techniques like ordered boosting and symmetric trees, which act as natural 

regularizers to prevent overfitting and improve model generalization. A limitation of this model 

is that unlike XGBoost and LightGBM which build asymmetric trees, CatBoost builds 

symmetric trees which limits its ability to capture highly complex, irregular patterns in some 

datasets (Chen et al., 2020; Hancock et al., 2020). 

(iv) Gradient Boosting: Gradient Boosting is a machine learning method that combines weak 

classifiers, typically decision trees, to build a robust model for classification and regression. It 

adjusts weights for misclassified instances and optimizes a cost function (Shams et al., 2023). 

The model provides feature importance scores, which is useful to understand the models’ 

decision-making process and gain insights from data. An issue with GBR is that it requires 

careful tuning of various parameters (e.g., learning rate, tree depth, regularization) to achieve 

optimal performance. In addition, the model is prone to overfitting, especially if the learning 

rate is high or the number of trees is excessive (Zhang et al., 2015). 

(v) Multiple Linear Regression: Multiple Linear Regression is a prediction model that 

establishes a linear relationship between known and unknown data values, using the ordinary 

least squares (OLS) method to estimate parameters (Su et al., 2012). By including more 

variables, MLR can reduce the bias that might occur when important predictors are left out of 

a model, as in simple regression. As the number of variables increases, however, its results 

become more difficult to interpret, especially with smaller datasets (Shams et al., 2021). 
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(vi) Random Forest: The Random Forest algorithm combines multiple decision trees to 

improve prediction accuracy. It builds several independent decision trees by training each one 

on a random sample of the dataset and then compares the outputs to select the best prediction 

(Hidayat and Astsauri, 2022; Khan et al., 2022). RF can effectively manage datasets with a 

large number of features without requiring explicit dimensionality reduction. It can also 

identify important features. In cases of highly imbalanced datasets, the model often exhibits 

bias towards the majority class. Moreover, optimal performance necessitates careful tuning of 

hyperparameters such as the number of trees and the number of features considered at each 

split (Salman et al., 2024). 

(vii) Support Vector Machine: Support Vector Machine is a popular and powerful algorithm in 

supervised statistical machine learning. It works by identifying a hyperplane that maximizes 

the margin of error while minimizing the prediction error for continuous data (Nafsin & Li, 

2022). The ‘kernel trick’ allows SVMs to model non-linear decision boundaries and separate 

data that is not linearly separable. Few problems of SVMs include sensitivity to the choice of 

kernel function and regularization parameter. On top of that, selecting the appropriate 

parameters requires careful tuning and can significantly impact model performance (Abdullah 

et al., 2021). 

(viii) Extreme Gradient Boosting: Extreme Gradient Boosting is an enhanced version of the 

Gradient Boosting algorithm, first introduced by Chen et al.  in 2014. It combines multiple 

decision trees (weak learners) to predict residuals and correct the errors made by previous 

decision trees to improve overall model performance (Nguyen, 2025). XGB incorporates built-

in regularization techniques (e.g. L1 and L2) to prevent overfitting and improve the models’ 

generalization ability. While it includes regularization, improper tuning or excessive tree depth 

can still lead to overfitting, particularly on smaller datasets (Zhang et al., 2022). 

Table S4. Shapiro–Wilk Statistic showing the distribution of data utilized in this study (p < 0.05) 

Indicators Shapiro–Wilk Statistic p-value Distribution 

2021 

TEMP 0.9344 0.5574 Normal  

pH  0.8759 0.1719 Normal  

EC  0.881 0.1926 Normal  

Cl  0.8799 0.1878 Normal  

TS  0.9142 0.3848 Normal  

DO  0.9258 0.4783 Normal  

BOD5  0.8485 0.0919 Normal  

RMS-WQI  0.9294 0.5104 Normal  

2022 

TEMP 0.9187 0.4195 Normal  

pH  0.9356 0.5683 Normal  

EC  0.9141 0.3835 Normal  

Cl  0.9208 0.4362 Normal  

TS  0.9319 0.5337 Normal  

DO  0.8855 0.2124 Normal  

BOD5  0.5345 0 Not Normal  

RMS-WQI  0.9086 0.3441 Normal  
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2023 

TEMP 0.8419 0.0788 Normal  

pH  0.9433 0.6441 Normal  

EC  0.9282 0.4996 Normal  

Cl  0.9226 0.4513 Normal  

TS  0.8772 0.1772 Normal  

DO  0.9654 0.8594 Normal  

BOD  0.8999 0.2885 Normal  

RMS  0.9368 0.5794 Normal  

2024 

TEMP 0.9334 0.5474 Normal  

pH  0.9689 0.8889 Normal  

EC  0.9685 0.8857 Normal  

Cl  0.6962 0.002 Not Normal  

TS  0.9777 0.9508 Normal  

DO  0.8511 0.0978 Normal  

BOD5  0.9221 0.4471 Normal  

RMS-WQI  0.8848 0.2093 Normal  

 

Table S5. RMS-WQI calculation at each monitoring site during 2021-2021 

Station ID 
Sub-index score   

RMS-WQI 

  

Rating TEMP pH EC Cl TS DO BOD 

2021 

S1 100 100 12.64 72.85 0.00 0 65.00 65 FAIR 

S2 0 100 45.14 51.63 26.58 87.89 4.38 58 FAIR 

S3 0 100 66.14 77.33 56.87 86.59 6.92 67 FAIR 

S4 0 100 42.82 55.61 32.93 77.30 12.75 56 FAIR 

S5 0 100 39.56 80.06 24.63 76.43 75.08 66 FAIR 

S6 0 100 61.03 82.02 48.63 62.50 70.83 67 FAIR 

S7 0 100 67.16 72.99 36.18 73.33 49.44 64 FAIR 

S8 0 100 59.27 69.36 25.53 77.42 55.56 63 FAIR 

2022 

S1 0 100 78.93 0.00 64.94 0 51.25 57 FAIR 

S2 0 100 50.88 21.11 33.06 0 48.00 48 MARGINAL 

S3 0 100 62.68 62.25 46.36 0 63.33 59 FAIR 

S4 0 100 66.07 69.26 54.69 84.59 68.89 70 FAIR 

S5 0 100 68.43 45.65 59.07 93.40 57.50 68 FAIR 

S6 0 100 68.43 45.65 59.07 93.40 57.50 68 FAIR 

S7 0 100 64.06 27.37 48.57 0 59.03 54 FAIR 

S8 0 100 68.93 72.38 54.24 0 0 57 FAIR 

2023 

S1 0 30.50 61.70 78.36 50.07 88.19 0 55 FAIR 

S2 0 36.71 42.34 68.20 30.41 23.56 0 36 MARGINAL 

S3 0 41.50 51.79 73.07 40.64 17.25 0 41 MARGINAL 

S4 0 37.21 61.93 78.60 52.77 42.81 0 48 MARGINAL 
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S5 0 34.15 24.74 57.57 39.03 73.20 0 41 MARGINAL 

S6 0 41.75 25.07 57.02 9.48 54.61 0 35 MARGINAL 

S7 0 32.50 0.00 43.23 0.00 69.97 0 33 MARGINAL 

S8 100 49.63 10.19 48.88 0.00 46.11 0 49 FAIR 

2024 

S1 0 37.2 0 0 0 66.5 23.8 30 MARGINAL 

S2 0 32.9 0 0 0 57.3 0.0 25 POOR 

S3 0 40.9 0 5.9 0 57.9 0.0 27 POOR 

S4 0 36.5 0 0 0 54.6 0.0 25 POOR 

S5 0 47.8 0 0 0 0 0.0 18 POOR 

S6 0 39.9 0 0 0 0 13.2 16 POOR 

S7 0 46.6 0 0 0 6.9 0.0 18 POOR 

S8 0 43.4 0 0 0 0 0.0 16 POOR 
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Table S6. ML model performance and ranking 

ML 

Model

s 

Training set Testing set Scoring 

R2 
Ran

k 

RMS

E 

Ran

k 

MS

E 

Ran

k 

MA

E 

Ran

k 

PAB

E 

Ran

k 
R2 

Ran

k 

RMS

E 

Ran

k 

MS

E 

Ran

k 

MA

E 

Ran

k 

PAB

E 

Ran

k 

Total 

score 

Ran

k 

2021 

AdaB 
-

0.56 
8 5.04 8 

25.4

4 
8 4.04 8 

0.070

7 
8 0.58 7 2.52 7 6.36 7 1.01 7 

0.017

7 
7 75 7 

CatB 0.49 3 2.9 3 8.4 3 2.11 3 
0.037

4 
3 0.86 3 1.45 3 2.1 3 0.53 1 

0.009

3 
1 26 3 

XGB 0.81 2 1.77 2 3.12 2 1.28 2 
0.022

7 
2 0.94 2 0.97 2 0.95 2 0.62 2 

0.010

3 
2 20 2 

GBR 0.28 6 3.42 6 11.7 6 2.62 6 
0.046

2 
6 0.8 6 1.72 6 2.97 6 0.79 5 

0.013

8 
5 58 6 

MLR 0.34 5 3.28 5 
10.7

4 
5 2.54 5 

0.044

7 
5 0.82 5 1.66 5 2.77 5 0.86 6 

0.014

7 
6 52 5 

SVM 0.37 4 3.22 4 
10.3

6 
4 2.53 4 

0.044

3 
4 0.83 4 1.62 4 2.61 4 0.73 4 

0.012

7 
4 40 4 

RF 
-

0.32 
7 4.64 7 

21.5

5 
7 3.59 7 

0.063

1 
7 0.56 8 2.58 8 6.65 8 1.76 8 

0.029

5 
8 75 7 

ANN 0.97 1 0.73 1 0.54 1 0.6 1 
0.010

5 
1 0.96 1 0.82 1 0.67 1 0.72 3 

0.011

5 
3 14 1 

2022 

AdaB 0.83 3 3.2 3 
10.2

4 
3 2.99 3 

0.051

2 
4 0.95 3 1.6 3 2.56 3 0.75 3 

0.012

8 
4 32 3 

CatB 0.74 4 3.91 4 
15.3

1 
4 3.34 4 

0.050

6 
3 0.92 4 1.96 4 3.83 4 0.84 4 

0.012

6 
3 38 4 

XGB 0.71 5 4.12 5 17 5 4.1 6 
0.066

1 
6 0.91 5 2.07 5 4.29 5 1.17 6 

0.018

9 
6 54 5 

GBR 0.51 7 5.36 7 
28.6

9 
7 4.83 7 

0.074

4 
7 0.86 7 2.69 7 7.23 7 1.36 7 

0.021

4 
7 70 7 

MLR 0.7 6 4.22 6 
17.8

3 
6 4 5 

0.062

8 
5 0.91 5 2.11 6 4.46 6 1 5 

0.015

7 
5 55 6 

SVM 0.96 1 1.54 1 2.36 1 1.48 1 
0.023

5 
1 0.99 1 0.77 1 0.59 1 0.38 1 0.006 1 10 1 

RF 0.24 8 6.72 8 
45.1

7 
8 6.24 8 0.097 8 0.72 8 3.78 8 

14.2

5 
8 2.61 8 

0.043

3 
8 80 8 

ANN 0.89 2 2.5 2 6.23 2 2.39 2 
0.037

7 
2 0.97 2 1.26 2 1.58 2 0.69 2 

0.011

2 
2 20 2 

2023 
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AdaB 0.51 6 5.03 6 
25.3

4 
6 4.72 6 0.112 6 0.88 6 2.52 6 6.34 6 1.18 6 0.028 6 60 6 

CatB 0.82 5 3.05 5 9.33 5 2.85 5 
0.077

3 
5 0.95 5 1.53 5 2.33 5 0.71 5 

0.019

3 
5 50 5 

XGB 0.98 3 0.89 3 0.79 3 0.81 3 
0.022

3 
3 0.99 1 0.7 2 0.49 2 0.61 4 

0.015

6 
4 28 3 

GBR 
-

0.01 
8 7.25 8 

52.6

3 
8 7.2 8 

0.186

9 
8 

-

0.02 
8 7.2 8 51.9 8 5.99 8 

0.139

4 
8 80 8 

MLR 1 1 0.31 2 0.09 1 0.27 1 
0.006

2 
1 0.99 1 0.67 1 0.46 1 0.58 2 

0.014

1 
2 13 1 

SVM 1 1 0.3 1 0.09 1 0.3 2 
0.007

5 
2 0.99 1 0.78 3 0.61 3 0.47 1 

0.012

9 
1 16 2 

RF 0.16 7 6.62 7 
43.7

8 
7 6.19 7 

0.167

8 
7 0.64 7 4.3 7 

18.5

2 
7 3.47 7 

0.083

6 
7 70 7 

ANN 0.88 4 2.45 4 5.99 4 2.31 4 0.055 4 0.97 4 1.22 4 1.5 4 0.59 3 
0.014

1 
2 37 4 

2024 

AdaB 1 1 0.22 3 0.05 3 0.22 3 
0.010

9 
3 1 1 0.11 1 0.01 1 0.06 1 

0.002

7 
1 18 1 

CatB 1 1 0.22 3 0.05 3 0.22 3 
0.010

9 
3 1 1 0.11 1 0.01 1 0.06 1 

0.002

7 
1 18 1 

XGB 1 1 0.16 2 0.03 2 0.15 2 
0.006

5 
2 1 1 0.19 3 0.04 3 0.14 3 

0.005

9 
3 22 3 

GBR 0 8 3.5 8 
12.2

2 
8 3.5 8 

0.168

6 
8 

-

0.01 
8 5.14 8 

26.4

2 
8 4.83 8 

0.225

6 
8 80 8 

MLR 0.81 7 1.52 7 2.3 7 1.51 7 0.074 7 0.79 7 2.32 7 5.39 7 2.08 7 
0.096

8 
7 70 7 

SVM 1 1 0.06 1 0 1 0.05 1 
0.002

6 
1 0.88 5 1.77 5 3.12 5 1.02 4 

0.039

3 
4 28 4 

RF 0.93 6 0.91 6 0.82 6 0.71 5 
0.038

7 
5 0.8 6 2.26 6 5.11 6 1.74 6 

0.080

5 
6 58 6 

ANN 0.94 5 0.85 5 0.73 5 0.85 6 
0.041

3 
6 0.9 4 1.63 4 2.66 4 1.1 5 

0.044

9 
5 49 5 
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