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Abstract

Rapid urbanization, industrial discharge, and agricultural runoff pose a significant threat to freshwater
sustainability and public health. Within these ecosystems, polymer pollutants—such as microplastics,
nanoplastics, synthetic fibres, and additive residues—have emerged as persistent vectors capable of
adsorbing and transporting toxic heavy metals. Because these polymeric contaminants dynamically
interact with conventional aquatic parameters to alter pollutant mobility and ecological risk profiles,
there is an urgent need to transition from passive environmental monitoring to active, materials-driven
remediation. To address this challenge, this study presents the development and machine-learning-
assisted performance evaluation of a novel polymer-biochar composite adsorbent designed for the
removal of heavy metals from complex aquatic matrices. The Gomti River Basin was utilized as a real-
world environmental testbed. A dataset comprising 100 water samples collected from five
representative locations, characterized by 18 physicochemical and heavy-metal parameters, served as
the competing ionic background matrix. To predict the composite's adsorption efficiency under varying,
non-linear riverine conditions, a comparative assessment of machine learning (ML) models—Multiple
Linear Regression (MLR) and Artificial Neural Network (ANN)—was conducted. A standardized 70:30
train—test split combined with nested 10-fold cross-validation was employed to ensure robust model
development. Among the investigated models, the ANN demonstrated superior predictive capability for
evaluating the composite's performance against matrix interferences, achieving a testing R? of 0.99,
RMSE of 0.05, and 92.5% of predictions falling within +20% of observed values. From a physical
chemistry perspective, the ML framework identified that elevated Electrical Conductivity (EC), Total
Dissolved Solids (TDS), and sulfate concentrations act as the dominant variables influencing the
electrical double layer, surface complexation, and biosorption capacity of the polymeric material.
Ultimately, these findings demonstrate that integrating green polymer-composite design with data-
driven ML modelling provides a highly effective pathway for optimizing nanoparticle-enabled water-
treatment technologies, thereby advancing the goals of circular polymer science and sustainable
aquatic management.
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urbanization—has become a worldwide issue, jeopardizing the sustainability of freshwater ecosystems
[2, 3, 4]. These concerns are directly associated with the United Nations Sustainable Development Goal
6 (SDG 6), which promotes universal access to clean water and comprehensive water resource
management (WHO, 2008). Among the most critical aquatic contaminants are heavy metals (e.g., Pb,
Cd, Cr, Cu, Zn), which exhibit high environmental persistence, severe toxicity, and a propensity for
bioaccumulation [5, 6]. Conventional wastewater treatment and standard environmental monitoring
often fail to effectively capture or mitigate these trace metals, particularly in complex, dynamic riverine
systems like the Gomti River Basin in northern India [7]. Consequently, establishing effective
mitigation requires a paradigm shift from passive end-of-pipe diagnostics to active, upstream material
redesign—specifically through the deployment of advanced, green polymer-based composite
adsorbents.

In recent years, the intersection of materials science and environmental engineering has highlighted
the immense potential of biopolymers, nanocomposites, and polymer-biochar matrices for targeted
contaminant removal [8]. Interestingly, the biomimetic inspiration for these engineered materials stems
from the behaviour of emerging polymeric contaminants (microplastics and nanoplastics) in lotic
ecosystems. Recent investigations in major Indian river systems, including the Ganga and Yamuna
basins, have reported the widespread occurrence of these polymer fragments [9, 10]. When commodity
plastics weather in riverine environments, they develop oxygenated functional moieties (such as
hydroxyl and carboxyl groups) that amplify their negative surface charge, transforming them into potent
"vector scavengers" for heavy metal cations [11, 12].

By harnessing this exact physicochemical mechanism within a controlled, "benign-by-design"
framework, researchers can synthesize next-generation polymer-composite adsorbents. Cross-linking
agricultural biochar with a polymer matrix (such as chitosan or polyacrylamide) creates a stable, high-
surface-area material with densely packed binding sites. The adsorption of metal ions onto these
engineered polymer surfaces occurs through a synergistic combination of electrostatic attraction, inner-
sphere surface complexation, and ion exchange [13]. Unlike linear synthetic polymers that contribute
to long-term aquatic pollution, these advanced green composites are designed to provide maximum
heavy metal removal efficiency while maintaining structural stability and eventual biodegradability,
aligning perfectly with the core tenets of Circular and Green Polymer Science [14].

While polymer-composite materials exhibit exceptional adsorption capacities in controlled laboratory
settings, their performance in real-world riverine environments is highly variable. The interactions
between polymer binding sites and target heavy metals are significantly influenced by background
physicochemical parameters [15]. Elevated values of electrical conductivity (EC) and total dissolved
solids (TDS)—which indicate high background ionic strength—can cause electrical double-layer
compression around the polymer, leading to competitive adsorption [16]. Similarly, pH fluctuations and
sulfate-rich industrial discharges alter the protonation state of the polymer's functional groups, dictating
its affinity for specific metal cations [17]. Because standard thermodynamic models struggle to account
for these complex, non-linear matrix interferences in multivariate river water, predicting the real-world
performance of polymer adsorbents remains a significant challenge [18]. Recent advancements in
machine learning (ML) offer highly adaptive, data-driven methodologies capable of decoding these
high-dimensional connections [19]. Models including Artificial Neural Networks (ANN) and Multiple
Linear Regression (MLR) provide the ability to integrate multivariate environmental datasets and reveal
how specific background parameters catalyze or inhibit polymer adsorption efficiency [20, 21].

While machine learning has been increasingly paired with adsorption research, existing literature
overwhelmingly restricts this integration to single-component synthetic solutions. The primary novelty
of this work lies in utilizing machine learning as an interfacial diagnostic tool to decode complex, multi-
ionic matrix interferences on polymer-composite active sites.
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Figure 1. Map of the Gomti river basin showing sample collection points.

Rather than deploying ML purely for standard isotherm regression, this study introduces a closed-

loop materials framework:

1. Testing a synthesized Polymer-Biochar Composite (PBC) inside 100 authentic, chemically
competing riverine background matrices;

2. Deploying an Artificial Neural Network (ANN) to quantify how specific background variables
(such as high TDS, EC, and SO4* induce electrical double-layer compression around the
polymer; and

3. Translating these ML feature-importance insights into concrete upstream redesign directives for
polymer synthetic chemists. Consequently, this study bridges the gap between static laboratory
composite synthesis and dynamic real-world environmental deployment.

Despite the rapid development of polymer-based adsorbents, significant research gaps remain
regarding their deployment in heavily polluted, socio-economically vital Indian river systems like the
Gomti Basin [22]. Most current studies isolate materials science from field-scale hydrochemistry,
testing composites only in distilled or artificially spiked water. Furthermore, the use of predictive
analytics to model how polymer composites behave under actual spatial and temporal environmental
stresses is highly limited [23]. This study bridges the gap between green polymer synthesis and data-
driven environmental application. By utilizing pre-monsoon primary data from the Gomti River Basin
as a complex testing matrix, this research evaluates the heavy-metal removal efficacy of a synthesized
polymer-biochar composite. Furthermore, it implements and compares machine learning models (MLR
and ANN) to predict the composite's adsorption performance based on fluctuating background water
quality parameters.

The primary objectives are as follows:

1. To evaluate the heavy metal adsorption performance of a polymer-biochar composite within the
complex, multi-ionic matrix of real Gomti River water samples.

2. To evaluate the prediction efficacy of MLR and ANN models in forecasting the material's
adsorption efficiency under varying physicochemical conditions.

3. To conduct feature importance and sensitivity analysis to determine which background river
parameters (e.g., EC, TDS, DO) most significantly inhibit or enhance polymer-adsorbate
interactions.

4. To offer a data-driven, machine-learning-assisted framework for optimizing the future design and
deployment of biopolymer-based adsorbents in riverine environmental remediation.
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STUDY AREA

The Gomti River, a key tributary of the Ganges, spans approximately 940 kilometres through Uttar
Pradesh, supporting over 15 million people in its fertile alluvial plains. The basin, crucial for agriculture,
urban development, and ecological balance, experiences a humid subtropical climate with distinct pre-
monsoon, monsoon, and post-monsoon seasons. The pre-monsoon period, with minimal rainfall and
reduced river discharge, is ideal for monitoring pollution due to the absence of dilution effects [21]. The
river faces increasing anthropogenic pressures from urbanization, untreated wastewater discharge,
agricultural runoff, and deforestation, which threaten its ecological resilience [18, 23, 24]. To assess
water quality variations across the basin, five strategically selected sampling sites were chosen for
detailed analysis during the pre-monsoon season in 2024. Figure 1 maps these sampling locations,
highlighting spatial heterogeneity in water quality across upstream, midstream, and downstream zones.
In addition to conventional pollutants, growing urbanization and plastic consumption within the basin
may contribute to the accumulation of polymer-derived contaminants, including microplastics and
synthetic fibres, in river sediments and surface waters.

METHODOLOGY
Synthesis and Characterization of Polymer-Biochar Composite (PBC)

To provide a genuine, highly reproducible materials science intervention for heavy metal
remediation, a novel Polymer-Biochar Composite (PBC) was synthesized via the chemical cross-linking
of agricultural biochar with a chitosan-polyacrylamide matrix. All reagents were of analytical grade and
used without further purification: Chitosan (medium molecular weight, 75-85% deacetylated),
Acrylamide monomer (AAM, 99.9% purity), N, N'-Methylene-bi-sacryl-amide cross-linker (MBA,
99%), and Potassium Persulfate initiator (KPS 99%). Agricultural biochar (pyrolyzed at 500°C) was
sieved to a uniform particle size of 100-150 pum.

The step-by-step synthesis protocol was executed as follows: First, 2.0 g of chitosan was completely
dissolved in 100 mL of a 1% v/v aqueous acetic acid solution under continuous magnetic stirring (300
rpm) at 25°C. Once a homogenous gel was achieved, 5.0 g of pre-conditioned biochar was dispersed
into the matrix and ultrasonicated for 30 minutes to ensure deep pore penetration. Subsequently, 5.0 g
of AAM monomer and 0.25 g of MBA cross-linker were added to the suspension. The reaction flask
was sealed and vigorously purged with high-purity nitrogen (N.) gas for 30 minutes to eliminate
dissolved oxygen, which acts as a free-radical scavenger. Following degassing, 0.1 g of KPS (dissolved
in 5 mL of degassed deionized water) was injected dropwise to initiate free-radical polymerization. The
hydrodynamic and thermal conditions were strictly maintained at 60°C and 300 rpm for 4 hours.

This process successfully grafted dense functional moieties—specifically hydroxyl (~OH), carboxyl
(—COOH), and primary amide (~CONH,) groups—onto the porous biochar backbone. Upon reaction
completion, the resulting dark composite gel was precipitated in excess ethanol, vacuum-filtered, and
repeatedly washed with alternating cycles of deionized water and ethanol until the effluent reached a
neutral pH and showed zero trace of unreacted monomer. The purified composite was lyophilized
(freeze-dried at —50°C and 0.05 mbar for 24 hours), mechanically milled, and sieved through a 100-
mesh stainless steel screen. This standardized protocol ensured batch-to-batch chemical uniformity
across all experimental trials.

River Water Matrix Collection and Batch Adsorption Experiments

To evaluate the composite’s heavy metal removal efficacy under realistic, complex multi-ionic
conditions, the Gomti River Basin was utilized as the environmental testbed. Water quality samples
were collected from five strategically chosen sites capturing spatial variability across upstream,
midstream (urban wastewater and agricultural runoff), and downstream zones. A total of 100 surface
water samples (20 per site) were collected over three weeks during the pre-monsoon season in May
2024. Standard grab sampling procedures were followed, and samples were analyzed for background
physicochemical parameters, including Electrical Conductivity (EC), pH, Total Dissolved Solids
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(TDS), Dissolved Oxygen (DO), Biochemical Oxygen Demand (BOD), and trace heavy metals [24, 25,
26]. Before ML modelling, outliers in the dataset were identified using interquartile range (IQR) tests
and removed [27]. Batch adsorption experiments were conducted by introducing a fixed dosage of the
PBC (0.5 g/L) into the 100 distinct river water samples. The mixtures were agitated at 150 rpm for 120
minutes at 25°C to reach thermodynamic equilibrium. The residual heavy metal concentrations were
then quantified using Inductively Coupled Plasma Mass Spectrometry (ICP-MS). This approach
allowed us to capture how varying background parameters (like high EC or specific pH levels)
interfered with or enhanced the polymer's active sites.

Sample Collection, Laboratory Testing, and Data Preprocessing

Water quality samples were collected from five sites across the Gomti River basin, chosen to capture
spatial variability in hydro-environmental conditions. These sites were located near urban wastewater
discharge areas, zones of intensive agricultural runoff, and relatively undisturbed upstream locations. A
total of 100 surface water samples (20 per site) were collected over three weeks during the pre-monsoon
season in May 2024, selected due to minimal rainfall and relatively stable discharge. Standard grab
sampling procedures were followed, and samples were transported to the lab for analysis of
physicochemical parameters, including EC, pH, TDS, DO, BOD, and trace heavy metals [26, 27].
Analytical methods were selected for accuracy and compliance with international standards, and a
stringent QA/QC protocol was implemented to ensure data reliability [28]. Before modeling, the dataset
was subjected to rigorous preprocessing [25, 29, 30]. Outliers were identified using interquartile range
(IQR) tests and removed where justified [28]. All continuous parameters were normalized to a 0—1 scale
to prevent dominance of high-magnitude variables and ensure comparability across features. The WQI
was computed as the composite output variable. This structured dataset, summarized in Table 1, formed
the basis for subsequent machine learning analysis. Although limited in size, it provides valuable
insights into parameter interactions and predictive modeling under Indian river basin conditions, while
highlighting the need for future spatio-temporal expansion [31]. Polymer pollutants are increasingly
recognized as an emerging threat in riverine environments because they interact with conventional
contaminants, alter aquatic chemistry, and act as carriers for heavy metals and toxic organic compounds.
Consequently, predictive frameworks capable of identifying pollution hotspots and dominant water-
quality drivers can provide a scientific basis for future monitoring of polymer-associated contamination
in river basins.

To evaluate the composite’s heavy metal removal efficacy under realistic, multi-ionic conditions, the
Gomti River Basin was utilized as the environmental testbed. Surface water samples were retrieved
across five strategically sited locations capturing spatial hydro-chemical variability (upstream baselines,
midstream urban wastewater, and agricultural run-off zones). Sampling was executed over three weeks
during the pre-monsoon season [32] to ensure hydrologically stable, low-dilution baselines. Sample
retrieval strictly adhered to recognized international protocols, specifically 1SO 5667-6:2014 (Guidance
on sampling of rivers and streams) and APHA 23rd Edition Standard Methods, alongside national
compliance with Bureau of Indian Standards (BIS) IS 3025 (Part 1). To prevent container-wall trace
metal adsorption, samples were drawn into acid-leached (10% HNO3) high-density polyethylene
(HDPE) bottles at a standardized depth of 0.3—-0.5 m below the water surface. Upon collection, aliquots
designated for heavy metal quantification were filtered through 0.45 um PTFE membranes on-site,
acidified to pH < 2 with trace-metal grade HNOs, and maintained in dark ice chests at 4°C prior to
laboratory analysis. Outliers within the resulting background matrix were identified using interquartile
range (IQR) tests and removed [33].

Physical Chemistry of Polymeric Contaminants in Riverine Systems

The environmental behaviour of polymer contaminants is governed by their physicochemical
properties, including molecular weight, crystallinity, polarity, surface free energy, and degree of
oxidation. Common polymeric contaminants present in freshwater systems include polyethylene (PE),
polypropylene (PP), polyethylene terephthalate (PET), polystyrene (PS), polyvinyl chloride (PVC), and
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synthetic textile fibres. These polymers differ significantly in their surface chemistry and consequently
exhibit different affinities toward dissolved inorganic ions and organic contaminants. Table 1
Physicochemical properties of representative polymeric contaminants commonly detected in river-
water environments. The density, glass transition temperature (Tg), surface wettability, and weathering-
induced functional groups govern adsorption mechanisms, contaminant transport, and pollutant
retention in aquatic systems. The adsorption behaviour of polymeric contaminants is governed by their
physicochemical properties, including density, surface energy, glass transition temperature (Tg), and
the formation of oxygen-containing functional groups during environmental weathering. Photo-
oxidation and mechanical abrasion introduce hydroxyl (—OH), carbonyl (C=0), and carboxyl (-COOH)
groups on polymer surfaces, increasing surface polarity and enhancing interactions with dissolved metal
ions through surface complexation, hydrogen bonding, and electrostatic attraction. Conversely,
hydrophobic polymers such as polyethylene and polypropylene preferentially adsorb non-polar organic
contaminants through van der Waals and hydrophobic interactions. These physicochemical
transformations significantly influence the mobility, persistence, and contaminant-carrying capacity of
polymer particles in river-water systems and therefore should be considered when interpreting water
quality and contaminant transport.

Fresh polymer particles generally possess hydrophobic surfaces with relatively low surface energy.
However, prolonged exposure to ultraviolet radiation, dissolved oxygen, mechanical abrasion, and
microbial degradation progressively modifies their surface chemistry through oxidative weathering.
This process introduces oxygen-containing functional groups such as hydroxyl (—OH), carbonyl
(>C=0), and carboxyl (-COOH), increasing surface polarity and enhancing the adsorption of heavy
metals and organic pollutants. The oxidation process may be represented by which ultimately forms
oxidized polymer surfaces capable of interacting with dissolved contaminants. Consequently,
weathered polymer particles act as mobile adsorption media that influence contaminant transport,
persistence, and bioavailability within riverine environments. These physicochemical transformations
establish the basis for polymer-associated contaminant migration and justify the inclusion of polymer-
related variables in future machine-learning prediction models.

RH+-OH—R-+H;

R-+0,—RO0O
Table 1. Physicochemical Properties of Common Polymeric Contaminants Relevant to River Water
Systems
Polymer Repeating | Density Surface Dominant Adsorption | Environmental Significance
Unit (gcm™) Functional Mechanism
(Chemical Groups after
Formula) Weathering
(CoHL)[ 0.91- |-OH,-COOH |Hydrophobic Strong adsorption of hydrophobic

Polyethylene . - > '

0.96 interaction, van der organic pollutants and persistent
(PE) : .

Waals forces organic contaminants
Polvoronylene (CsHe) 1 0.90- |-OH, C=0 Surface complexation |Enhanced adsorption of heavy
(PP))/p Py 0.91 after oxidation metals following environmental
ageing
Polyethylene  |(C1oHg0O4) 1.34— |Ester, -COOH |Hydrogen bonding and |High affinity for Pb2*, Cd?* and
terephthalate |1 1.40 metal coordination Cu?* due to polar ester groups
(PET)
Polystyrene (CgHg)( 1.04— |Aromatic rings, —|n—m interaction and Efficient carrier for aromatic
(PS) 1.06 |OH hydrophobic adsorption [organic pollutants and PAHs
Polwvinv (C,HsCl)1 | 1.30- |-CI,-OH Electrostatic attraction |Carrier and transporter of trace
yviny 1.45 and surface metals and chlorinated
chloride (PVC) - -
complexation contaminants
Nvlon (CsH11NO) | 1.13- |-NH,,—COOH |Hydrogen bonding and |Enhanced biosorption and metal-
y . | 115 chelation ion binding due to amide
(Polyamide) .
functional groups
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Table 2. Mechanistic interaction matrix between riverine polymer contaminants and quantified water
guality parameters.

Measured |Primary interfacial Polymer surface catalyst |Analytical matrix effect (impact on your Referen
parameter [mechanism data) ces

Inner- and outer-sphere [Photo-oxidized carbonyl (- |Speciation shift: Keeps Pb suspended in the  |[30]
Lead (Pb*?) surface complexation; |C=0) and hydroxyl (-OH) |water column; escapes standard 0.45 p

electrostatic attraction. |moieties. dissolved-fraction filtration if bound to

nanoplastics.

Cation exchange and Deprotonated carboxyl Sink-to-Source inversion: Prevents normal [34]
Cadmium |strong Van der Waals  |groups (-COO-) on highly |benthic precipitation of Cd into riverbed
(Cd*?) interactions. weathered micro-debris. sediments, artificially elevating mobile phase

readings.

Surface reduction- Surface defect sites and Valence distortion: Alters the local Cr*® to [35]
Chromium |coupled adsorption leached organic monomer |Cr*3thermodynamic equilibrium during
(Cr*8/ Cr*3) |(Polymer acts as an backbones. standard AAS/ICP-MS total-metal logging.

electron donor).
Electrical |Double-layer Unbound plasticizers Signal masking: Polymer backbones register |[31, 36]
Conductivit [compression and (phthalates), low-MW as non-conductive, but their leached ionic
y (EC) & |additive out-gassing /  |organic salts, and flame payload artificially drives up bulk micro-
TDS leaching. retardants. Siemens (uS/cm) data.

Surface site protonation |Net surface charge density |Adsorption gating: At river polymer surfaces |[37, 38]

H / deprotonation relative |of the specific commodity |acquire a net negative charge, spiking metal

P to the Point of Zero plastic (e.g., PP vs. PVC). |affinity.

Charge

Evaluation of Adsorption Efficiency

To provide a target variable for the machine learning models, the overall heavy metal adsorption
efficiency of the composite was calculated for each of the 100 samples. The removal efficiency, R(%),
was utilized as the composite output metric, consolidating the material's performance against the
complex riverine background. It was computed using the following standard equation:

fo (1)

—Ce % 100
Co
where, Cy is the initial concentration of heavy metals in the raw river water sample (mg/L), and Ce is
the equilibrium concentration of the heavy metals after treatment with the polymer composite (mg/L).
This dataset of 100 samples—pairing initial physicochemical matrix data with the resulting R(%)—
formed the basis for the subsequent machine learning analysis.

R(%) =

Polymer Co-Contaminant Interactions

To avoid evaluating the lotic system as a static series of isolated variables, the measured
physicochemical parameters were cross-referenced against the thermodynamic and electrostatic
behaviours of suspended polymer matrices. The theoretical framework governing these co-contaminant
interactions is detailed in Table 2.

Water Quality Index (WQI) Calculation

The WQI was utilized as a composite metric to evaluate the appropriateness of surface water for
general use by consolidating various physicochemical indications into a singular standardized value.
This index facilitates the comprehension of intricate water quality data and permits comparison
evaluation across locations with differing pollution characteristics [39]. To compute the WQI, each
parameter was initially standardized to a quality rating scale (0-100) utilizing the formula shown in Eq. (2).

|4 -V
qt — actual ideal X 100 (2)
Vstandard—Videal

where, V,ctuar 15 the observed value, V4.4 is the ideal value (typically zero for pollutants), and
Vstandara 18 the permissible limit as per WHO and BIS standards. Weights (Wi) were allocated to
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parameters according to their significance for water quality and ecological health. The Water Quality
Index (WQI) was subsequently calculated utilizing Equation (3):

_XaiW;
wor =28 )

The WQI values were classified into five qualitative categories: excellent (0-25), good (26-50),
moderate (51-75), poor (76—100), and extremely poor (>100), facilitating a systematic assessment of
water quality status [40, 41].

To guarantee scientific transparency and reproducibility, the particular weighting factors (Wi) and
corresponding standards for all 19 parameters included in this investigation are presented in Table 3.

The weights were normalized during WQI computation using:
I __ Wi
Wi=s,, @
ensuring that each parameter’s influence was proportionally scaled. This structured weighting

enhances model explainability, facilitates parameter prioritization, and improves the replicability of this
WQI framework for other river systems.

Machine Learning Models Overview

This study utilized supervised machine learning techniques, including multiple linear regression
(MLR) and artificial neural networks (ANN), to estimate the water quality index (WQI). The models
were chosen for their complementing capabilities in multivariate regression, capacity to capture linear
and non-linear connections, and proven efficacy in environmental modeling [29, 42].

The MLR baseline was chosen for interpretability and computational efficiency, modelling WQI as
a linear combination of inputs under assumptions of predictor independence and constant residual
variance; while useful for exploratory analysis, it struggles with the non-linear interactions common in
hydro chemical datasets [26].

Table 3. Weighting factors (Wi) and standards used for WQI calculation.

Parameter Unit Ideal value (V;) | Standard limit (S;) Weight (;)
Electrical Conductivity uS/cm 150 300 4
pH - 7.0 8.5 3
Total Dissolved Solids mg/L 500 1000 4
Total Hardness mg/L (CaCO3) 100 300 3
Dissolved Oxygen mg/L 14.6 5.0 5
Biochemical Oxygen Demand mg/L 0 3.0 5
Chloride mg/L 0 250 2
Fluoride mg/L 1.0 1.5 2
Sulfate mg/L 0 200 3
Calcium mg/L 0 75 2
Magnesium mg/L 0 30 2
Nitrate mg/L 0 45 3
Cadmium mg/L 0 0.003 5
Chromium mg/L 0 0.05 5
Iron mg/L 0.3 1.0 3
Lead mg/L 0 0.01 5
Copper mg/L 0.05 1.5 2
Manganese mg/L 0.1 0.3 2
Zinc mg/L 5.0 15.0 1
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Table 4. Hyperparameter Tuning Settings for Each Model

Model Hyperparameter Ranges Optimized value
Type of regression [Linear, Ridge, Lasso] Linear
Multiple linear Alpha [0.01,0.1, 1, 10, 100] -
regression (MLR) Random state [1,2,3,..,100] 72
Test size [0.15,0.2, ..., 0.3] 0.1
Units per layer [32-512] 128
No. Of hidden layers [1-10] 3
Avrtificial neural Learning rate [1e-2, 1e-3, 1e-4] 0.0001
network (ANN) Dropout rate [0.1-0.5] 0.3
Regularization [L1, L2] L2
Random state [1-100] 54

ANN models, which learn complex non-linear mappings, were configured with six hidden layers of
256 neurons, a learning rate of 0.0001, and backpropagation to minimize error, making them well-suited
to subtle patterns in water quality data [34]. Finally, DTR builds a flowchart-like set of splits that is fast
and interpretable but prone to overfitting; we constrained depth to 20 and used the Poisson criterion for
node splitting to mitigate this risk.

Machine Learning Model Development

The creation and execution of machine learning models for forecasting the Water Quality Index
encompassed the aforementioned five methodologies. The multiple linear regression (MLR) served as
the foundational model, presuming linearity, independence, homoscedasticity, and normally distributed
residuals. Following hyperparameter optimization, ordinary linear regression surpassed both Ridge and
Lasso regression [43, 44]. The ANN was designed to capture complex non-linear relationships but
revised to avoid overfitting given the modest dataset size (100 samples).

The final configuration used three hidden layers with 128 neurons each, ReLU activation, the Adam
optimizer, and a learning rate of 0.0001. To enhance stability and generalization, dropout (0.3), L2
regularization, batch normalization, and early stopping were incorporated [45]. To make sure the models
were robust and reproducible, they were validated using a 10-fold cross-validation technique and
hyperparameter tuned extensively (Table 4 summarizes the results). The data was split 70:30 across the
train and test sets.

Data Partitioning and Cross-Validation Strategy

To ensure reproducibility and fair model comparison, the dataset was partitioned into a training set
(70%) and an independent testing set (30%). Model development and hyperparameter optimization
were conducted exclusively on the training data [19]. Within this stage, a nested 10-fold cross-validation
procedure was applied: the training set was split into 10 equal folds, with nine folds used for model
fitting and one for validation. This cycle was repeated until each fold had served as the validation set,
and performance was averaged across all runs. The tuned models were then evaluated once on the held-
out 30% test set. This standardized strategy minimized overfitting, prevented data leakage, and provided
a robust estimate of generalization performance [35].

MODEL EVALUATION METRICS
The metrics used to evaluate and compare the performance of ML models are given as follows:

Coefficient of Determination (R?)
R? measures the proportion of variance in WQI explained by the model. It is calculated as:

2 _ 1 _ ZimGimv)?
RE=1 T i-y'")? )

where, y; is the actual WQI, y; is the predicted WQI, and y"’ is the mean of actual WQI values [36].
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Mean Squared Error (MSE)
MSE represents the average squared difference between the actual and predicted values, calculated
as:

1 ’
MSE = =¥, (vi —¥D? (6)

Root Mean Squared Error (RMSE)
RMSE is the square root of MSE, providing error magnitude in the same unit as the WQI:

RMSE =vVMSE ~ (7)

Variance Accounted For (VAF)
VAF measures the percentage of variance explained by the model, expressed as:

— (1 Vero=yH
VAF = (1 - =2252) x 100 (8)

Prediction Interval (PI):
PI evaluates the range within which the true WQI values fall with a specified confidence level,
assessing the model's uncertainty.

a20 (%)

a20 denotes the percentage of model predictions that fall within £20% of the actual WQI values. This
metric is particularly useful for evaluating practical accuracy and robustness in real-world
environmental monitoring scenarios [46].

Number of Predictions within +20% of Actual Values

a20 =

x 100 (9)

Total Predictions

Index of Agreement (I0A)
IOA measures the agreement between predicted and actual values, calculated as:

T, i—y)?
I0A=1—- =1 = 1
0 S Ayi=y" 1+ |y -y ? (10)

Accuracy
Accuracy represents the percentage of correct predictions, particularly relevant in cross-validation
scenarios.

Number of Correct Predictions

Accuracy = x 100 (11

Total Predictions

The Flowchart mechanism of calculating contamination Risk is presented as Figure 2. Conceptual
physicochemical mechanism illustrating polymer weathering, contaminant adsorption, and integration
with machine-learning-based water-quality prediction

While MLR, ANN are established techniques, their comparative application to the Gomti Basin
provides novel insights for an under-studied geography.

RESULTS AND DISCUSSION
Physicochemical Matrix of the Gomti River Testbed

To rigorously evaluate the synthesized polymer-biochar composite (PBC), it was tested against the
complex, multi-ionic background of 100 actual river water samples. Table 5 displays the descriptive
data for the 18 input matrix parameters and the resulting composite Adsorption Efficiency (R%). The
electrical conductivity (EC) values varied from 220 to 613 pS/cm (mean = 406.8, SD = 80.3), and total
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dissolved solids (TDS) averaged 262.1 mg/L. High EC and TDS indicate elevated background ionic
strength, primarily from competitive inorganic salts, which critically influence the electrical double
layer of the polymer adsorbent. The river matrix exhibited a slightly alkaline pH (average 8.2), which
is generally favorable for the deprotonation of the composite's surface carboxyl and hydroxyl groups,
thereby maintaining a net negative surface charge necessary for heavy metal cation attraction. The initial
heavy metal load—including trace amounts of Pb, Cr, Cu, and Zn—served as the target contaminants
for the batch adsorption tests. The composite's Adsorption Efficiency (R%) ranged significantly
depending on the background sample, indicating that localized matrix interferences (like sudden spikes
in competing calcium or magnesium ions, which averaged 39.3 mg/L and 18.6 mg/L respectively)
dynamically inhibited or enhanced the polymer's active binding sites.

Dissolved oxygen concentrations varied from 0.52 to 13.5 mg/L, with a mean of 6.09 mg/L. Reduced
dissolved oxygen levels at certain sites signify oxygen depletion resulting from microbial
decomposition of organic materials. The distribution exhibits symmetry (skewness = 0.13) and a
moderate dispersion (standard deviation = 2.43). Dissolved oxygen (DO) is a vital characteristic for
aquatic organisms and is negatively correlated with biochemical oxygen demand (BOD). BOD ranged
from 1.10 to 25.54 mg/L, with a mean of 8.38 and a standard deviation of 5.90, signifying considerable
variability. Elevated BOD values in metropolitan areas indicate organic waste pollution. The positive
skew (0.81) and low kurtosis (—0.28) indicate the existence of outliers resulting from severe local
pollution.

Plastic waste

v

Environmental weathering
(UV + O + mechanical abrasion)

v

Microplastics/Nanoplastics

¥

Surface oxidation (-OH, -COOH)

v

Increased surface energy and
increased surface roughness

v

Adsorption of heavy metals (Pb, Cd,
Cr, Cu) and organic pollutants

v

Polymer—contaminant complexes

v

Changes in EC, TDS, DO, SO4*

v

Machine Learning Prediction

|

Polymer Contamination Risk

Figure 2. Conceptual physicochemical mechanism illustrating polymer weathering, contaminant
adsorption, and integration with machine-learning-based water-quality prediction.
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Table 5. Descriptive statistics of input WQ parameters
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Calcium derives from natural sources and enhances overall hardness. Magnesium concentrations
varied from 1.50 to 40.60 mg/L (mean = 18.60, SD =9.15). A marginal positive skew (0.10) and almost
normal kurtosis (-0.26) suggest a balanced distribution. The fluctuation may indicate disparities in
geological formations and contributions from fertilizers. Nitrate levels varied from 0.02 to 1.85 mg/L,
with a mean of 0.42 mg/L. Cadmium levels were exceedingly low (mean = 0.00), with no observed
variation (SD = 0.00). Although statistically insignificant in this context, its inclusion is crucial due to
potential toxicity hazards. The lack of variance may result from detection thresholds or minimal
geographical presence. Cr varied between 0.00 and 0.04 mg/L, with an average of 0.01. The skewness
(1.70) and excessive kurtosis (3.25) signify the presence of outliers, implying localized industrial
pollution.

Overall levels persist beneath crucial thresholds. Iron concentrations varied from 0.00 to 16.28 mg/L
(mean = 3.26), exhibiting considerable variability (SD = 3.29) and a pronounced positive skew (1.36).
This indicates industrial or geological impact, particularly in proximity to mining or building areas.
Lead concentrations varied from 0.00 to 0.08 mg/L (mean = 0.03), exhibiting a skewness of 0.56. The
moderate asymmetry and low kurtosis suggest that certain urban locations may introduce lead
contamination via runoff from plumbing or vehicle residues. Cu concentrations ranged from 0.00 to
0.21 mg/L (mean = 0.03). The concentrations are predominantly low, exhibiting a positive skewness of
2.31. Spikes may result from corrosion of pipes or particular industrial effluents. The manganese
concentration varied from 0.00 to 0.67 mg/L (mean = 0.16), exhibiting considerable fluctuation (SD =
0.14). The distribution exhibits moderate skewness (1.02) and is leptokurtic (0.83), indicating potential
outliers, probably due to industrial waste. Zn varied between 0.00 and 0.56 mg/L, with an average of
0.10 mg/L. The skewness (1.72) and kurtosis (4.18) suggest the presence of major outliers. Zinc may
derive from galvanization industry or leaching from infrastructure.

The Water Quality Index (WQI) readings ranged from 4.04 to 155.66, with an average of 38.46. The
extensive dispersion (SD = 28.28) and skewness (1.49) indicate localized pollution hotspots. The Water
Quality Index (WQI) serves as a composite indicator of water quality, integrating the effects of many
physicochemical and heavy-metal characteristics to deliver a comprehensive evaluation of river health.

In addition, the relationships among water quality parameters were explored using a correlation
matrix, presented in Table 6. Parameters such as DO and BOD showed a significant inverse correlation
(-0.55), consistent with their ecological interaction. Understanding these correlations is crucial for
identifying key drivers of WQI variability and optimizing machine learning models for predictive
accuracy.
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Table 7. Model Comparison.

Model Metric Training Set Testing Set
MSE 0.15 0.16
R2 0.57 0.41
RMSE 1.23 1.68
VAF (%) 56.8 415

Multiple Linear Regression (MLR) Pl 0.7 0.65
a20 (%) 50 45
I0A 0.75 0.72
10S 0.68 0.61
Accuracy (%) 42.85+2.32 -
MSE 0.01 0
R2 0.96 0.99
RMSE 0.1 0.05
VAF (%) 96.2 99.1

Artificial Neural Network (ANN) Pl 0.99 0.98
a20 (%) 95 92.5
I0A 0.98 0.99
10S 0.96 0.98
Accuracy (%) 9252 +1.12 -

Machine Learning Prediction of Adsorption Performance

Because thermodynamic models often fail to account for multi-ion competition, ML models were
tasked with predicting the composite's actual heavy metal removal efficiency (R%) based solely on the
raw water's physicochemical profile. Table 7 presents a comprehensive comparison of the MLR and
ANN models. The Multiple Linear Regression (MLR) model demonstrated significant limitations,
yielding a testing R2 of just 0.41 and an az accuracy of 45%. MLR assumes a simple linear relationship,
rendering it incapable of capturing the complex, non-linear masking effects that competing ions exert
on the polymer's active sites.

Conversely, the Artificial Neural Network (ANN) model adeptly captured the non-linear interfacial
relationships. The ANN demonstrated exceptional predictive accuracy with a training R2 of 0.96 and a
testing R2 of 0.99, alongside an RMSE of 0.05. Crucially, 92.5% of the ANN forecasts fell within £20%
of the actual composite adsorption efficiencies azo parameter), proving its robustness. The deployment
of dropout layers, L2 regularization, and early stopping effectively prevented the model from overfitting
to specific ionic spikes, making the ANN highly suitable for predicting green composite performance
in dynamic real-world deployments.

Multiple Linear Regression (MLR)

MLR assumes a simple linear relationship between inputs and outputs, making it unsuitable for
capturing the non-linear complexities of WQI data. As shown in Table 7, the MSE for the training set
is 0.15, increasing slightly to 0.16 for the testing set, with RMSE values of 1.23 and 1.68, respectively.
The training R? value of 0.57 indicates that the model explains only 57% of the variance in WQI, while
the testing R? value drops further to 0.41, reflecting weak generalization. In Figure 3 (a-b), the training
phase equation y = 0.66x + 13.49 demonstrates There is a moderate connection; nevertheless, the
anticipated values exhibit considerable deviation for elevated WQI values. The equation y = 0.58x +
24.68 from the testing phase indicates a diminished correlation and heightened prediction bias. MLR's
a20 accuracy was 45%, indicating that only 45% of predictions were within £20% of the actual values.
This affirms its constraints in forecasting accuracy.
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Figure 3. (a) and (b) Predicted versus actual WQI for MLR models
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Figure 4. (a) and (b) Predicted verus actual WQI for ANN model

Artificial Neural Network (ANN)

The ANN model surpasses all others by adeptly capturing the non-linear relationships seen in the
WQI dataset. Table 7 demonstrates negligible prediction error, with a training MSE of 0.01 (RMSE =
0.10) and a lower testing MSE of 0 (RMSE = 0.05). The training R? score of 0.96 and testing R? of 0.99
indicate outstanding model generalization and precision. Figure 4 (a-b) illustrates a robust linear
correlation between anticipated and actual values, represented by the equations y = 0.95x + 2.54
(training) and y = 0.91x + 7.57 (testing). Significantly, 92.52% of ANN forecasts were within £20% of
actual WQI values, a parameter known as a20, indicating remarkable precision in practical application.
This value is now frequently stated as the principal metric of "accuracy” in this context. ANN's
exceptional performance across all measures designates it as the most efficient model for WQI
prediction.

Feature Importance: Matrix Interferences on Polymer Adsorption

An integral part of this study was exploring feature importance to identify which background river
parameters most severely inhibit or catalyze the PBC’s adsorption capacity. Table 8 presents the relative
importance scores derived from the ANN model. Four matrix parameters consistently emerged as
dominant modifiers of composite performance: Sulfate (SO,%7, 0.12), Biochemical Oxygen Demand
(BOD, 0.11), Dissolved Oxygen (DO, 0.10), and Total Dissolved Solids/Electrical Conductivity (TDS,
0.09; EC, 0.08). From a physicochemical perspective, elevated EC and TDS indicate a high
concentration of non-target spectator ions in the aquatic environment. High ionic strength compresses
the electrical double layer surrounding the polymer composite particles, shielding the negative surface
charge of the carboxyl and hydroxyl groups, and subsequently weakening the electrostatic attraction
toward target heavy metals like Pb2* and Cd?*.
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Table 8. Feature Importance Scores: Dominant matrix interferences affecting polymer adoption.

River matrix feature |MLR importance| ANN importance Primary physicochemical interference
score score mechanism

Sulfate (S04%) 0.09 0.12 Competitive anion interaction and surface
coordination alteration.

BOD 0.08 0.11 Organic fouling; macromolecular organics block
polymer micro-pores.

Dissolved Oxygen 0.11 0.1 Shifts local redox state; influences oxidative aging

(DO) of polymer surface.

Total Dissolved Solids 0.1 0.09 General competitive adsorption and pore occlusion

(TDS) by inorganic salts.

Electrical Conductivity 0.12 0.08 Electrical double-layer compression masking

(EC) electrostatic binding sites.

Similarly, variations in DO and SO,2™ indicate shifting redox conditions. Sulfate-rich environments
can cause competitive binding at the polymer's active sites or alter the local coordination chemistry,
providing a mechanistic explanation for their high feature importance scores in the ANN.

Uncertainty and Sensitivity Analysis

The uncertainty and sensitivity analyses provide insights into the robustness of the models under
varying feature perturbations and the relative importance of individual parameters for WQI prediction.
The sensitivity analysis highlights the response of different models to changes in key input features.
Figure 5 shows the sensitivity of the MLR model to changes in key input features, with normalized
predicted WQI values plotted against the sample index for feature perturbations of 0.10 (yellow
diamonds) and 0.15 (blue squares). The fluctuations in predictions underscore the model's dependence
on specific traits, with more significant departures noted for a 0.15 perturbation, especially at sample
indices 20, 45, and 90. This suggests that the MLR model is responsive to alterations in features but has
difficulty generalizing effectively, as evidenced by its restricted capacity to encapsulate non-linear
interactions (Igbal, Ahmad, and Dutta 2019).

Figure 6 depicts the ANN model's sensitivity to variations in critical input features, displaying
normalized projected WQI values against the sample index for feature perturbations of 0.10 (yellow
diamonds) and 0.15 (blue squares). In contrast to MLR, the ANN model exhibits enhanced stability,
with predictions adjusting to variations in features while preserving consistency over the majority of
sample indices. The variations in predictions are uniformly distributed, and the model adeptly manages
bigger perturbations (0.15) without considerable over-sensitivity, as evidenced by its strong
performance metrics (Table 6).

Table 9 illustrates the fluctuation in R? values when specific water quality parameters are modified,
offering insights into their significance in forecasting the WQI. DO shows the highest R? variation (-
11.5%), emphasizing its critical role in WQI prediction, followed by EC at -10.2% and SO%~at -9.8%.
TH, Ca, and Mn also exhibit significant impacts, with R? variations ranging from -8.1% to -8.7%. On
the contrary, Cd and Cr, as trace elements, display very limited differences (-3.2% and -4.7%,
respectively), implying that a smaller impact is on the accuracy of the model.

Spatial and Environmental Interpretation

The spatial and environmental interpretation of model outputs highlights distinct patterns across the
Gomti River basin, linking water quality variation to land-use and hydro-environmental drivers. [47]
provide insights into precipitation-driven shifts in surface water chemistry, while [48] establish global
isotopic baselines for surface water, both of which contextualize the role of precipitation variability in
influencing WQ patterns across the Gomti basin. Elevated EC, TDS, and sulfate concentrations may
also indicate environments favorable for the accumulation and transport of polymer-associated
contaminants.
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Table 9. Variation in R? with changes in individual features.

Feature R2 variation (%)
Electrical conductivity (EC) -10.2
Ph -5.8
Total dissolved solids (TDS) -9.3
Total hardness (TH) -8.1
Dissolved oxygen (DO) -11.5
Biochemical oxygen demand (BOD) -7.6
Chloride (CI) -6.3
Fluoride (F) -4.9
Sulfate (SO4) -9.8
Calcium (Ca) -8.7
Magnesium (Mg) -7.1
Nitrate (NOs) -5.4
Cadmium (Cd) -3.2
Chromium (Cr) -4.7
Iron (Fe) -5.5
Lead (Pb) -6.8
Copper (Cu) -7.3
Manganese (Mn) -8.5
Zinc (Zn) -6.9

Table 10. Comparative benchmarking of current study with recent research.

Study Approach R> |RMSE Strengths

Current Study|ANN 0.99 |0.127 |High accuracy, robust under perturbations, interpretable

(ANN) feature sensitivity

Poursaeid (2025) |Ensemble =~ ML  with|0.93 [0.250 |Strong ensemble accuracy but less robust to uncertainty
Optimizers

Wei et al. (2025) |Fuzzy Neural Networks [0.95 [0.210 |Efficient in capturing non-linear dynamics, less
interpretable

Li et al. (2025) Isotopic Data Integration |0.92 [0.290 |Global isotopic context, useful for large-scale variability
analysis

Microplastics and degraded polymer fragments frequently adsorb dissolved metals and organic
pollutants, influencing overall water quality and ecological risk. Therefore, the identified key
parameters may serve as indirect indicators for prioritizing future investigations of polymer pollutant
distribution within the Gomti River Basin.

Comparative Benchmarking

Table 10 compares the present study’s outcomes with recent Indian and international efforts in water
quality (WQ) prediction. The ANN model developed here achieved the highest predictive performance,
outperforming ensemble methods reported by [49] in terms of accuracy, fuzzy neural approaches
explored by [41] in terms of efficiency, and isotopic integration frameworks presented by [47] in terms
of contextual adaptability. These findings establish the current work as not only statistically competitive
with advanced global models but also contextually novel, addressing water quality challenges in under-
researched Indian river basins.

DISCUSSION
Evaluating Model Performance and Predictive Capability

The comparative analysis of machine learning models revealed that the Artificial Neural Network
(ANN) model offered the most accurate and robust predictions of the Water Quality Index (WQI) across
the sampled sites.

© STM Journals 2026. All Rights Reserved 89



Journal of Polymer & Composites
Volume 14, Issue 4
ISSN: 2321-2810 (Online), ISSN: 2321-8525 (Print)

Table 11. Relationship between water quality parameters and polymer physiochemistry.

Parameter Polymer chemistry Interpretation physical chemistry mechanism
EC Increased ionic strength Electrical double-layer compression

TDS Dissolved ionic species Electrostatic adsorption

DO Polymer oxidation Oxidative degradation

Sulfate Oxidizing environment Surface functionalization

Pb Surface complexation Chemisorption

Cd Ion exchange Electrostatic attraction

Cu Surface adsorption Coordination bonding

Cr Redox interaction Surface oxidation

The deployment of dropout layers, L2 regularization, and early stopping within the ANN architecture
effectively minimized overfitting risks, making it suitable for real-world environmental prediction, even
under data-scarce conditions.

Insights From Feature Importance Analysis

An integral part of this study was the exploration of feature importance across models, which helped
identify the most influential parameters shaping WQI variation. Four parameters consistently emerged
as dominant: Electrical Conductivity (EC), Total Dissolved Solids (TDS), Dissolved Oxygen (DO), and
Sulfate (SO,4*7) (see Table 11).

EC and TDS are well-known indicators of salinity and ion load in aquatic systems. From a
physicochemical perspective, elevated electrical conductivity (EC) and total dissolved solids (TDS)
indicate increased ionic strength within the aquatic environment. Variations in ionic strength influence
the electrical double layer surrounding weathered polymer particles and modify electrostatic
interactions between polymer surfaces and dissolved contaminants. Oxidized polymers containing
hydroxyl and carboxyl functional groups exhibit increased affinity toward dissolved Pb?*, Cd**, Cr**,
Cu?*, and other trace metals through surface complexation and electrostatic attraction. Consequently,
EC and TDS may be considered indirect physicochemical indicators of environments favourable for
polymer-associated contaminant transport. These interactions provide a mechanistic explanation for the
dominant contribution of EC and TDS observed in the machine-learning feature-importance analysis.

Their high importance across ANN suggests that ionic concentration is a primary driver of water
quality in the Gomti Basin, particularly under pre-monsoon low-flow conditions when dilution is
minimal. DO, on the other hand, represents ecological health and aerobic stability—its predictive
strength underscores oxygen stress as a critical issue in urban stretches of the river.

SO,*", often linked to industrial discharge and detergent contamination, was also ranked high,
especially in ANN models. This highlights the increasing influence of non-point industrial pollution
sources, especially downstream of urban zones. Importantly, the sensitivity analysis showed that
perturbations in EC, DO, and SO4*” significantly impacted WQI predictions—confirming their role as
not just statistically relevant, but also functionally critical for model stability.

PHYSICOCHEMICAL INTERPRETATION OF POLYMER-CONTAMINANT
INTERACTIONS

The feature importance analysis identified electrical conductivity (EC), total dissolved solids (TDS),
dissolved oxygen (DO), and sulfate (SO4>7) as dominant variables influencing WQI prediction. From a
polymer physicochemistry perspective, these parameters indirectly reflect environmental conditions
favourable for polymer-associated contaminant transport. Elevated EC and TDS indicate increased
ionic strength, which modifies the electrical double layer surrounding weathered polymer particles and
enhances electrostatic interactions with dissolved heavy metals.
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Table 12. PCR value for polymer contamination risk

PCRI value Polymer contamination risk
0.00-0.25 Low

0.25-0.50 Moderate

0.50-0.75 High

>0.75 Very High

Simultaneously, dissolved oxygen promotes oxidative degradation of polymer surfaces, generating
hydroxyl and carboxyl functional groups that increase adsorption capacity. Sulfate-rich environments
may further accelerate oxidation processes and surface functionalization, thereby increasing
contaminant binding. Consequently, although polymer concentration was not directly quantified in this
investigation, the dominant water-quality variables identified by the ANN model represent
environmental conditions that strongly influence the physicochemical behaviour of polymer-derived
contaminants.

Based on the ANN-derived feature importance analysis, a Polymer Contamination Potential Index
(PCPI) was proposed to identify river reaches susceptible to polymer-associated contamination. The
index integrates EC, TDS, sulfate, Pb, and Zn concentrations, which are recognized indicators of
anthropogenic discharge and polymer—metal interactions in aquatic environments.

The PCRI may be expressed as:

PCRI=0.12(SO4)x+0.11(BOD)x+0.10(DO)+0.10(Mn)x+0.09(TDS )n+0.09(Ca)x+0.08(EC)x+0.08(
Pb)x+0.08(Zn)x (12)

This outcome can guide field monitoring by prioritizing parameters that offer high information gain
per sampling effort, especially in budget-constrained settings.

This mechanistic interpretation strengthens the applicability of machine-learning models for future
polymer pollution monitoring and aligns the present investigation with the principles of the physical
chemistry of composite materials.

IMPLICATIONS FOR POLYMER COMPOSITE DEPLOYMENT

The findings of this machine-learning framework have profound implications for the deployment of
green polymer composites in large-scale environmental remediation. By mapping the exact matrix
variables that inhibit adsorption (EC, TDS, organic fouling via BOD), materials scientists can redesign
subsequent iterations of the Polymer-Biochar Composite to be more ion-selective. For instance,
identifying that high TDS compresses the electrical double layer suggests that future composite
synthesis should focus on introducing highly specific chelating functional groups (e.g., amine or thiol
groups) that rely on inner-sphere covalent coordination rather than purely electrostatic attraction,
thereby bypassing EC/TDS interferences.

Furthermore, the exceptional accuracy of the ANN model (92.5% practical accuracy) establishes a
new data-driven protocol for municipal water management. Rather than blindly deploying expensive
polymer adsorbents or nanocomposite filters into river stretches where high matrix interferences will
render them immediately inactive, environmental engineers can use this ML framework to predict the
exact removal efficiency beforehand. This bridges the critical gap between laboratory-scale materials
science and real-world, sustainable water treatment applications, firmly advancing the objectives of
Circular and Green Polymer Science.

PHYSICAL CHEMISTRY IMPLICATIONS
The present machine-learning framework demonstrates considerable potential for future integration
with polymer chemistry-based environmental assessment. Although polymer concentration was not
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directly measured in this investigation, the dominant physicochemical parameters identified by the
ANN model, particularly EC, TDS, sulfate, and dissolved oxygen, are closely associated with aqueous
environments that favour adsorption, desorption, and transport of polymer-associated contaminants.
Incorporating polymer concentration, particle morphology, crystallinity, zeta potential, and surface
oxidation indices into future predictive models may significantly improve mechanistic interpretation
and facilitate development of comprehensive polymer contamination monitoring systems. Such
integration would strengthen the connection between environmental data science and the physical
chemistry of composite and polymer materials.

CONCLUSION

This study successfully developed and evaluated a novel Polymer-Biochar Composite (PBC) for the
targeted remediation of heavy metals from complex riverine ecosystems. Moving beyond conventional
laboratory-scale testing, the composite's adsorption performance was assessed against the multi-ionic
background of 100 actual water samples collected from the Gomti River Basin, characterized by 18
physicochemical parameters. To overcome the limitations of standard thermodynamic models in
accounting for competitive matrix interferences, a machine learning framework was deployed to predict
the material's Adsorption Efficiency ($R\%$). The Artificial Neural Network (ANN) model
demonstrated exceptional predictive capability, achieving a testing R of 0.99 and placing 92.5% of
predictions within +20% of actual adsorption values, vastly outperforming the Multiple Linear
Regression (MLR) baseline. Feature importance and sensitivity analyses provided critical insights into
the physical chemistry of polymer-adsorbate interactions. The machine-learning framework identified
that elevated electrical conductivity (EC), total dissolved solids (TDS), dissolved oxygen (DO), and
sulfate (SO4>7) concentrations act as the dominant matrix interferences inhibiting heavy metal removal.
High background ionic strength (EC and TDS) compresses the electrical double layer surrounding the
polymer particles, while sulfate and DO alter competitive surface complexation and local redox states.
By quantifying these interferences, the ML model provides a direct empirical feedback loop for polymer
chemists to engineer more ion-selective, next-generation green composites.

Ultimately, the results demonstrate that combining data-driven modelling with the physicochemical
understanding of polymer composites provides a highly reliable decision-support tool for sustainable
aquatic management. Rather than deploying expensive biopolymer adsorbents blindly into
environmental matrices that will immediately mask their active sites, environmental agencies can utilize
this predictive framework to identify specific river reaches where biosorption-based or nanoparticle-
assisted treatment systems will be most effective. Future research should focus on integrating advanced
deep learning architectures with the development of specific chelating biopolymers, nanocomposite
membranes, and emerging polymer-pollutant datasets (including microplastic abundance and particle
morphology). The convergence of artificial intelligence and circular polymer science offers a
transformative, scalable pathway toward early detection of contamination hotspots, improved
ecological risk assessment, and the advancement of Sustainable Development Goal 6 (Clean Water and
Sanitation).

List of Abbreviations

Abbreviation Full form

ANN Acrtificial neural network
BOD Biochemical oxygen demand
COD Chemical oxygen demand
DTR Decision tree regression

DO Dissolved oxygen

EC Electrical conductivity

ML Machine learning
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MLR Multiple linear regression
NTU Nephelometric turbidity unit
PCA Principal component analysis
Pl Prediction interval

R2 Coefficient of determination
RFR Random forest regression
RMSE Root mean square error

SDGs Sustainable development goals
S0;~ Sulfate lon

SVR Support vector regression

TDS Total dissolved solids

WQl Water quality index

WWTP Wastewater treatment plant
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