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Abstract

Heavy metal contamination in river systems poses a significant threat to aquatic ecosystems and public health.
Monitoring these metals directly can be complex and costly. This study investigates the potential of using readily
measurable Physicochemical parameters as predictors for heavy metal concentrations in the Karnaphuli River,
Bangladesh. Utilizing a secondary data analysis approach, a dataset of historical water quality parameters was
compiled and rigorously evaluated. Linear and multiple regression analyses were employed to model the
relationships between key Physicochemical parameters (Temperature, pH, DO, Salinity, Hardness, Alkalinity,
Ammonia) and selected heavy metal parameters namely Cadmium (Cd), Arsenic (As), and Lead (Pb). The results
revealed significant predictive relationships. Notably, a multivariable regression model for Pb, incorporating
Dissolved Oxygen (DO), Hardness, and Alkalinity, demonstrated high predictive accuracy (R2 = 0.771), with DO
identified as the most significant contributor (61.6%). The findings indicate that regression models based on
conventional water quality parameters can serve as reliable, cost-effective tools for predicting heavy metal
pollution. Such models offer the potential for proactive water quality management and targeted monitoring in the
Karnaphuli River and similar industrial riverine environments.
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1 Introduction

Riverine ecosystems are critically important for sustaining biodiversity, supporting economic activities, and providing
drinking water. However, increasing anthropogenic pressures, particularly from industrial and urban discharge, have led to
the severe degradation of water quality worldwide. A primary concern is the contamination by toxic heavy metals, such as
lead (Pb), cadmium (Cd), and arsenic (As), which are non-biodegradable, bioaccumulative, and pose serious risks to both
aquatic life and human health.

The Karnaphuli River, a major water body and economic lifeline in southeastern Bangladesh, is subject to intense pollution
loads from the heavily industrialized port city of Chattogram. Numerous studies have documented elevated levels of heavy
metals in its water and sediment, linked to discharges from textiles, tanneries, shipbreaking yards, and other manufacturing
industries. Traditional methods for monitoring metal contamination involve direct, sophisticated spectroscopic analysis of
water samples, which can be time-consuming and prohibitively expensive for routine, large-scale assessment.

Consequently, there is a growing interest in developing indirect, surrogate measures for pollution monitoring.
Physicochemical parameters like pH, dissolved oxygen (DO), hardness, and alkalinity are routinely measured as standard
indicators of water quality and are influenced by the same industrial and geochemical processes that mobilize heavy metals. If
robust relationships between these easily measured parameters and specific metal concentrations can be established, they
could form the basis for efficient predictive models.

This study aims to bridge this gap by leveraging historical water quality data to determine whether Physicochemical
parameters can serve as reliable predictors for heavy metal contamination in the Karnaphuli River. Through comprehensive
regression analysis, we seek to develop statistical models that can predict concentrations of Cd, As, and Pb. The successful
development of such models would provide environmental managers with a practical, rapid, and cost-effective tool for initial
screening and spatial targeting of pollution hotspots, facilitating more proactive and resource-efficient water quality
management strategies.

2 Sampling and Methods

This study employs a desk-based review or secondary data analysis approach, where the data for this study were
systematically collected and synthesized from a comprehensive review of existing, peer-reviewed research
articles and published reports. (Johnston et al., 2020; Pickering & Byrne, 2014) This methodology was chosen to
leverage established findings and contribute to a broader understanding of the subject matter by integrating
insights from diverse studies.
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2.1 Data Collection Strategy

A thorough investigation was carried out to locate pertinent studies that include quantitative or qualitative data
concerning water pollution indicators, concentrations of heavy metals, Physicochemical parameters, and
associated environmental quality indices. To source the pertinent literature, well-established academic databases
and platforms, such as Scopus, Web of Science, and specialized journal archives, were utilized.

2.2 Inclusion and Exclusion Criteria

Literature was selected based on predefined eligibility criteria. To be included, studies must have been published
between 1980 and 2024 and must present original empirical findings related to the assessment of river or
groundwater quality. Crucially, articles were required to contain measurable data on standard Physicochemical
and/or heavy metal parameters to permit quantitative synthesis. Only peer-reviewed sources—including journal
articles, conference papers, and technical reports from recognized institutions—were considered to ensure
methodological rigor and reliability. Non-English papers, opinion articles, unpublished manuscripts, and studies
lacking complete methodological or data sections were excluded.

2.3 Data Extraction

Numerical and contextual data relevant to the study were systematically gathered from the selected literature and
compiled into a well-structured database. The extraction process captured crucial details such as the sampling
location and timeframe, the analytical methods used in the source studies, and quantitative figures (e.g., mean,
range, maximum) for important water quality parameters. Moreover, statistical summaries and calculated
environmental indices—such as the Water Quality, Heavy Metal Pollution —were recorded when available.

The synthesis brought together foundational findings from several significant studies. Ahmad et al. (2003)
provided baseline data on heavy metal concentrations in biota and aquatic environments, while Raknuzzaman et
al. (2016) contributed essential assessments of sediment and water pollution. Recent work by Chowdhury and
Uddin (2024) allowed for an updated analysis using WQI metrics, and the spatial trends of contamination were
clarified by Karim et al. (2018). Supplementary analyses from Uddin et al. (2021) and foundational
Physicochemical data from Majumder (2010) were crucial to the model. This core dataset was further enriched
by comparative studies from leading journals in the field, including Marine Pollution Bulletin and Environmental
Nanotechnology, Monitoring & Management (a full list of sources is provided in the reference section).

3 Results and Discussions

3.1 Physicochemical Analysis
Descriptive statistics of Physicochemical parameters and heavy metals in Karnaphuli River water samples were
found from our sample data using “IBM SPSS Statistics 27”. Temperature (°C) influences biological and
chemical processes in aquatic ecosystems.

Table-1: Descriptive Statistics of all parameters

Parameter Unit Minimum Maximum Mean Std. Deviation
Temperature °C 20.10 33.70 24.657 3.281
pH - 6.20 9.3 7.396 0.729
DO ppm 0.15 15.20 4.637 3.798
Salinity ppm 0.07 12.73 5.317 3.796
Hardness ppm 32.84 2261.00 566.46 534.426
Alkalinity ppm 34 170.00 116.440 43.215
Ammonia ppm 0.12 0.51 0.258 0.105
As ppm 3.75 53.87 26.633 12.098
Pb ppm 0.01 27.45 10.557 8.618
Cd ppm 0.00 18.34 6.114 5.325

The data shows moderate variation (20.10-33.70°C, mean 24.66 * 3.28), reflecting seasonal fluctuations. pH is
critical for assessing water acidity or alkalinity. The mean of pH (7.40) falls within the acceptable range for
aquatic life (6.5-8.5) with a range of 6.20-9.30 and standard deviation (0.73) indicating stable conditions.
Dissolved Oxygen (DO) (ppm) sustains aquatic organisms, with levels >4 ppm being essential. The mean (4.64
ppm) meets minimum requirements, but the wide range (0.00-15.20 ppm) and high deviation (3.80) suggest
spatial heterogeneity in oxygenation. Salinity (ppm) affects osmotic balance in aquatic life. Values (0.07-12.73
ppm, mean 5.32 + 3.80) are within typical freshwater limits (<500 ppm), though deviations imply variable salt
influx. Hardness is caused primarily by calcium and magnesium ions. The extreme range (32.84-2261.00 ppm,
mean 566.46 + 534.43) and high deviation suggest geological variability or industrial discharges. Alkalinity is
the capacity of water to neutralize acids, primarily due to the presence of bicarbonate (HCO;"), carbonate
(COs*), and hydroxide (OH") ions. Values (34.00-170.00 ppm, mean 116.44 + 43.22) are generally acceptable
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(<200 ppm), but low minima hint at localized acidification. Ammonia (ppm) is toxic nitrogen compounds.
Ammonia (0.12-0.51 ppm, mean 0.26 + 0.10) approaches chronic toxicity thresholds (>0.5 ppm).

3.2 Prediction of Heavy metal with Physicochemical Parameters

Linear regression analysis was conducted using SPSS to examine the relationship between heavy metal
concentration and different individual Physicochemical parameters. This analysis is aimed to derive regression
equations, correlation coefficients (R), coefficients of determination (R?), and assess statistical significance
through p-values.

3.2.1 Prediction of Cd with Physicochemical Parameters

Temperature, ammonia, hardness, alkalinity all have p-value less than 0.05 indicating that they are statistically
significant. Whereas, pH, Salinity, DO have p-values greater than 0.05, indicating that they do not have a
significant correlation with Cd. Their low R2 values (0.024 — 0.429) confirm negligible predictive power.

Table-2: Linear Regression Analysis with individual parameters for Cd

Heavy Metals ~ Physicochemical

. Significance P R R? Linear Equation

(y) Properties (x)

Cd Temperature 0.044 -0.455 0.207 y =18.41 - 0.38x
Cd pH 0.491 0.155 0.024 y =-3.78 + 1.44x
Cd Ammonia 0.002 0.655 0.429 y =1.63 + 26.89x
Cd Salinity 0.149 0.335 0.112 y =-28.94 + 4.21x
Cd DO 0.365 0.203 0.041 y =4.96 + 0.31x

Cd Hardness 0.005 0.576 0.332 y =1.83 +0.01x

Cd Alkalinity 0.034 0.453 0.166 y =-8.22 + 0.12x

Temperature shows an inverse relationship with Cd with a correlation R = -0.455 and R2 value of 0.207 indicates
20.7% variance of Cd is explained by Temperature. Each unit increase in Temperature corresponds to a 0.38-unit
decrease in Cd. Ammonia shows a strong positive relationship with a good correlation (R = 0.655) and 42.9%
variance of Cd is explained by Ammonia (R? = 0.429). Each unit increase in Ammonia corresponds to a 26.89-
unit rise in Cd. Hardness shows a positive relationship with a moderate correlation (R = 0.576) and 33.2%
variance of Cd is explained by Hardness (Rz = 0.332). Each unit increase in Hardness corresponds to a 0.01-unit
rise in Cd. Alkalinity shows a positive relationship with a moderate correlation (R = 0.453) and 16.6% variance
of Cd is explained by Alkalinity (R? = 0.166). Each unit increase in Alkalinity corresponds to a 0.12-unit rise in
Cd.
Table-3: Multivariable Analysis for Cd

R R? Adjusted R? Std. Error of the Estimate

7522 .566 450 3.18277
a. Predictors: (Constant), Ammonia, Hardness, Alkalinity, Temperature

In the multivariable analysis with Cd as a dependent variable, ammonia, hardness, alkalinity were taken as
independent variables as they were statistically significant (p<0.05). Ammonia is the strongest univariate
predictor, with (R?2=0.429) dominating the model. R2 value of 0.566 indicates that predictors explain 56.6% of Cd
variability. The standard error of the estimate, which is 3.18277 ppm, indicates that, on average, the predictions
made by the model differ from the observed Cd values by about +3.18277 ppm.

3.2.2 Prediction of As with Physicochemical Parameters

Temperature, salinity, hardness have p value less than 0.05 indicating that they are statistically significant. pH,
Ammonia, DO, and Alkalinity have p-values greater than 0.05, indicating that they do not have a significant
correlation with As and their low R2 values (0.029-0.118) confirm negligible predictive power. Temperature
shows a strong inverse relationship with As with a correlation R = -0.592 and R2 value of 0.351 indicates 35.1%
variance of As is explained by Temperature. Each unit increase in Temperature corresponds to a 1.15-unit
decrease in As. Salinity shows a positive relationship with a good correlation (R= 0.542) and 29.4% variance of
As is explained by Salinity (R2 = 0.294). Each unit increase in Salinity corresponds to a 16.01-unit rise in As.
Hardness also shows a positive relationship with a good correlation (R = 0.509) and 25.9% variance of As is
explained by Hardness (R2 = 0.259). Each unit increase in Hardness corresponds to a 0.03-unit rise in As.

Table-4: Linear Regression Analysis with individual parameters for As

Heavy Physicochemical

. ) . .

Metals(y) Properties (x) Significance P R R Linear Equation
As Temperature 0.006 -0.592 0.351 y=59.1-1.15x
As pH 0.288 0.250 0.062 y=-10.62+4.91x
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As Ammonia 0.197 0.301 0.091 y=21.43+29.05x
As Salinity 0.014 0.542 0.294 y=-113.72+16.01x
As DO 0.476 -0.169 0.029 y=34.38-0.57x
As Hardness 0.022 0.509 0.259 y=13.88+0.03x
As Alkalinity 0.138 0.344 0.118 y=4.32+0.18x

Considering arsenic as the dependent variable, hardness, salinity, and temperature were included as independent
variables due to their statistical significance (p < 0.05) in univariate regressions. In the multivariable analysis, the
model yielded an R2 value of 0.384, indicating that these predictors collectively explain 38.4% of the variability
in As concentrations.

Table-5: Multivariable Analysis for As

R R? Adjusted R? Std. Error of the Estimate

.6202 .384 .268 8.62756
a. Predictors: (Constant), Hardness, Salinity, Temperature

The standard error of the estimate (8.62756 ppm) signifies that, on average, the model's predicted As values
deviate from observed measurements by approximately +8.62756 ppm.

3.2.3 Prediction of Pb with Physicochemical Parameters

Dissolved Oxygen (DO) shows a strong positive relationship with Pb with a high correlation R = 0.817 and R?
value of 0.668 indicates 66.8% variance of Pb is explained by DO. And as p < 0.001, it indicates statistical
significance. Each unit increase in Hardness corresponds to a 0.02-unit rise in Pb. Hardness also shows a positive
relationship with a good correlation (R = 0.665) & 44.3% variance of Pb is explained by Hardness (R? = 0.443).
Each 0.02-unit Pb increase per unit hardness rise. As p < 0.001, it is statistically significant.

Table-6: Linear Regression Analysis with individual parameters for Pb

Heavy Physicochemical

Metals(y) Properties (x) Significance P R R? Linear Equation
Pb Temperature 0.051 -0.443 0.196 y=27.76-0.56x
Pb pH 0.929 0.02 0.000 y=9.86+0.28x
Pb Ammonia 0.441 0.183 0.033 y=10.46+11.24x
Pb Salinity 0.475 0.170 0.029 y=-15.11+3.19x
Pb DO <0.001 0.817 0.668 y=-5.03+1.88x
Pb Hardness <0.001 0.665 0.443 y=1.73+0.02x
Ph Alkalinity 0.014 0.516 0.266 y=-15.46+0.2x

Alkalinity also shows a positive relationship with a moderate correlation (R = 0.516) & 26.6% variance of Pb is
explained by alkalinity (R? = 0.266). Each 0.20-unit Pb increases per unit alkalinity. It is statistically significant
as p < 0.05. Temperature, pH, Ammonia, Salinity have p values greater than 0.05 indicating that they don't have
a significant correlation with Pb. Again, they have extremely low R2 values indicating negligible contribution to
predict Pb values. So, in the next step of multivariable analysis, they are omitted.

Table-7: Multivariable Analysis for Pb

R R? Adjusted R? Std. Error of the Estimate

.8782 771 732 3.76171
a. Predictors: (Constant), Alkalinity, DO, Hardness

In the multivariable analysis with Pb as the dependent variable, alkalinity, dissolved oxygen (DO), and hardness
were included as independent variables due to their statistical significance (p < 0.05) in univariate regressions.
The model achieved an R2 value of 0.771, indicating that these predictors collectively explain 77.1% of the
variability in Pb concentrations. Moreover, after adjustment, the adjusted R-squared value reached 0.732,
indicating a robust fit of the model. The standard error of the estimate (3.76171 ppm) signifies that, on average,
the model's predicted Pb values deviate from observed measurements by approximately +3.76171 ppm.
Moreover, from the ANOVA model, F is found to be 20.164 and p<0.001 indicating a statistically significant
model. Among all multivariable analysis that was done, Pb shows the best result in predicting the observed
value. Multilinear Regression Equation of Pb with DO, hardness, alkalinity
is given below- 70
Pb=-17.382 + (1513 X DO) + (0005 X Hal’dneSS) + (0096 Unstandardized Predicted Pb vs Observed Pb_ppm

x Alkalinity)
The available dataset for the Karnaphuli River is
predominantly derived from sampling points within its
estuarine zone and urban stretches, areas subject to
significant tidal influence and continuous pollutant loading
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from municipal and industrial sources (Ali et al., 2016; Karim et al., 2018, Davis, A. P. et al., 2001). A major
contributor within this zone is the Kalurghat BSCIC Industrial Area, a heavy industrial complex located
approximately 15 km upstream from the estuary, which is a documented point source for industrial effluents
(Bhuyan and Islam, 2017; Uddin et al., 2019). The geographical concentration of data from this impacted area is
a critical factor that may lead to correlations deviating from typical freshwater systems (Jardine, P. M., 1992; Du
Laing et al., 2009).

A particularly notable exception to common biogeochemical expectations is the observed strong positive
correlation between dissolved lead (Pb) and dissolved oxygen (DO) in this study. Traditionally, anoxic (low-DO)
conditions are associated with the mobilization of metals, while oxic conditions promote their precipitation and
adsorption to sediments (Brookins, 1988). However, in estuarine environments, this paradigm is disrupted by the
influence of salinity.

The primary mechanism for this correlation is salinity-induced metal mobilization. The tidal influx of
oxygenated seawater introduces high concentrations of chloride

ions (CI") into the system (Turner & Millward, 2002). These ions Fig.2 Predicted Pb vs observed Pb
form strong, soluble chloro-complexes with lead, such as Scatte Plot of Pb_ppm by Tem_°C
PbCls~ and PbCle>” (Turner et al.1993; Paulson, A. J. 1994).

The formation of these complexes effectively competes with .

particle surfaces for dissolved Pb, significantly inhibiting its S

adsorption to sediments and keeping it in the dissolved phase
even under the oxidizing conditions created by high DO (Biati
et al.). This process decouples Pb solubility from redox
control, allowing high concentrations of dissolved Pb to persist
in oxygen-rich waters.

Furthermore, the dynamic physical energy of the estuary plays .
a reinforcing role. Pulses of high-energy tidal flow can
resuspend contaminated sediments that have accumulated Pb -
from industrial discharge (e.g., from the Kalurghat area). As

these particles are mixed into the oxygenated and saline water
column, the lead is rapidly desorbed from particle surfaces due 5
to ion exchange and chloro-complexation. This process .

releases dissolved Pb directly into the high-DO water mass,
creating the strong statistical correlation observed in the data

Tem_°C

Scatter Plot of Pb_ppm by pH
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(Fig. 02). Therefore, the concurrent high values of Pb and DO s et

are not causally linked but are rather a synergistic product of a =

tidal hydrodynamics and marine chemistry overriding typical : s 4
freshwater biogeochemical behavior. " :
Similarly, the positive correlations with hardness and alkalinity = o
likely reflect common anthropogenic sources rather than Fig. 3(b) Relationship between Pb and pH.

solubility controls. Industrial and urban runoff from areas like

the Kalurghat BSCIC zone simultaneously releases lead
contaminants and erodes calcium-rich materials (e.g., concrete, =
limestone), creating coupled increases in Pb, hardness, and
alkalinity (Davis et al., 2001; Jardine et al., 1992; Kimball et .
al.,, 1995). Additionally, colloid-facilitated transport may =«
explain the alkalinity correlation: under alkaline conditions
stabilized by carbonate buffering, Pb adsorbs to mobile colloids

that remain suspended rather than precipitating as carbonates
(Nouri et al., 2022).
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hardness, alkalinity, standardized Beta values are 0.656, 0.162, 0.247 respectively. To determine each
parameter’s percentage contribution to Pb, their absolute Beta values were divided by the sum ofabsolute Beta
values. The percentage contribution

of DO, hardness & alkalinity to Pb is shown in Fig. 1.

Fig. 3(d) Relationship between Pb and Ammonia. DO is the primary predictor with the highest contribution of

61.6% to predict Pb concentration. The second and third
=won - hjghest contributors are alkalinity at 23.2% and hardness at

15.2%. Together, DO and Alkalinity explain 84.8% of the
R model-attributed Pb variability

Scatter Plot of Pb_ppm by Salinity_ppm

4 Conclusion

This study demonstrates that multivariable regression models
based on routinely measured physicochemical parameters
. offer a viable and cost-effective approach for predicting heavy

850 875 9.00 925 950

Salinity_ppm metal contamination in the Karnaphuli River. The model for
lead (Pb) was particularly robust (R2 = 0.817), with dissolved

Fig. 3(e) Relationship between Pb and Salinity.  oxygen (DO) identified as the most significant predictor,

contributing 66.8% to the model's explanatory power. While
the strong positive correlation between Pb and DO deviates from typical freshwater biogeochemistry, it is
explained by site-specific estuarine processes, including salinity-induced chloro-complexation.

The findings provide a practical tool for the rapid screening of water quality and the identification of pollution
hotspots, which is crucial for proactive environmental management in this industrialized river system. Future
work should aim to validate these models with a more extensive primary dataset that includes upstream
freshwater sections and direct measurements of ligands like chloride to enhance generalizability and precision.
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