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Abstract

With growing water scarcity, treated paper mill effluent (TPME) is increasingly reused in agriculture for its water and nutrient value. However,
long-term use raises concerns about pollutant buildup in soil and water, potentially harming ecosystems and human health. This review
explores how machine learning (ML) models can help predict and manage the environmental impacts of TPME over time. The objective is to
assess the effectiveness of various ML techniques such as decision trees, neural networks and ensemble models in forecasting changes in soil
and water quality due to TPME irrigation. We reviewed recent studies, datasets and real-world applications to evaluate the performance and
limitations of these models. Findings show that ML offers clear advantages over traditional models by handling complex, non-linear data
patterns and improving prediction accuracy. However, challenges remain, including data availability, quality and the complexity of model
interpretation. This review highlights the potential of ML as a powerful decision-support tool for sustainable wastewater management. It also
emphasizes the need for better data practices and collaboration between environmental scientists, policymakers and technologists. By
integrating ML into regulatory frameworks, the paper industry can move toward safer, more sustainable effluent reuse. In bridging technology
with environmental science, this study supports the adoption of ML driven solutions to enhance long term environmental monitoring and
promote greener practices in industrial water management.
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An Effluent Treatment Plant (ETP) treats raw paper
industry effluent to create treated effluent. After undergoing
physicochemical analysis, this is either utilized for industrial reuse
or irrigation. Input data on physicochemical characteristics and
environmental impacts are produced by environmental
monitoring over time. In order to conduct predictive analysis for
sustainable effluent management, these datasets are processed
using ML algorithms and artificial intelligence (Al). The workflow for
assessing and predicting the environmental impact of treated
effluents using ML models is illustrated in Fig. 1.

Introduction

It is stated that about 7000 Bgal of wastewater is being generated
in paper and pulp industries which contains a lot of nutrients and
pollutants together. As the world is facing severe water crisis,
utilizing the huge quantity of wastewater with proper treatment
helps to minimize the water shortages. While utilizing the treated
wastewater for irrigation it is essential to assess the impact it
causes on the environment. Current methods for assessing these
consequences are static systems that may not adequately capture
the dynamic and diverse nature of environmental systems.

However, the advent of ML presents a one-time chance to improve
forecasting and guide better adaptation efforts. A novel ML-
CEEMDAN-LSTM  hybrid model has shown consistent
outperformance in predicting reclaimed water volumes across
different seasons, crucial for urban water management (1). ML
applications extend to various aquatic environments, including
groundwater, sewage and drinking water, enabling automated
error detection and water quality evaluation. The integration of ML
in environmental monitoring provides nuanced insights and
forecasts about water quality trends, potentially revolutionizing
environmental policy-making and resource management (2)

The more challenging use of ML algorithms in models by
sophisticated problems in wastewater engineering for energy loss
prediction and lateral outflow forecasting by the Regression Tree
M5P, Bagging and Random Forest (RF) algorithm (3). For example,
ML models are more precise in terms of hydrological process
estimation compared to linear regression; however, they are never
used for making conclusions, as they both show inconsistent
results for different algorithms (4). Still, the potential application of
ML algorithms for spring discharge forecasting looks rather
promising, e.g. M5P, RF and SVR algorithms; moreover, for short-
term predictions, M5P is the most appropriate algorithm and for
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Fig. 1. Graphical workflow of effluent treatment and prediction of environmental impacts with Al/ML models.

medium-term predictions, RF algorithm can be used (3). Also,
recommendations are made to apply a mixture of several ML
algorithms by using purely data-driven to a more theory-based ML
algorithm for hydrological studies depending on the specific
situation and available data. This paper has attempted to
investigate whether ML models can accurately forecast the effect
of paper effluent discharge on the environment in the long run. To
achieve this, it plans to combine literature as well as primary
studies and datasets with current ML methods to build on what is
currently known about causal connections between activities
associated with paper production and their environmental
consequences. After analysing several types of forecasting
approaches from regression to classification and clustering
models, this paper can provide the following recommendations to
companies that focus on paper, governments and organizations
that are responsible for the environment.

Numerous studies are emphasizing the significance of
sustainability in particular about paper effluent discharge in the 21%
century. The principle of sustainable development plays a critical
role when selecting appropriate wastewater treatment techniques.
This is because the chosen methods should not only be effective in
removing pollutants but also minimize environmental impacts,
reduce energy consumption and ensure long-term ecological
balance. In this context, sustainable development serves as a
guiding framework that emphasizes using eco-friendly, cost-
effective and resource-efficient approaches in wastewater
management decisions (5). The importance of sustainable
development along with the need for sustainable outcomes and the
role of the research community for this change has been highlighted.
From these studies, it can be deduced that there must be more
responsible disposal of wastewaters which comprise of paper
materials (6).

Numerous studies highlighted below recognize the need
for an integrated intradisciplinary and transdisciplinary approach
to respond to the challenges of industry-environment-technology.
A previous study emphasized the importance of ML and explained
that the application of ML techniques can contribute to the
environmental gains of steel production methods (7) while
another study focused on how ML can be used within the
framework of eco-innovation research. These studies collectively
underscore the necessity of adopting a research technique that is
both multi- and transdisciplinary as well as science-based to
respond to the question of how to achieve balance between
environmental and industrial development (8).

Bibliometric analysis

A bibliometric analysis of the research work was performed using
the following public resources such as Google Scholar, Research
Gate, GNKI, Wiley, PubMed and Springer. These sources were used
to gather the literature related to ML. Open-source packages like
biblioshiny and bibliometrix were used to conduct bibliometric
analysis using VOS viewer software (9) and the results indicated
that there are 317 literatures on the prediction of long-term impact
of treated paper mill effluent using ML models. The keyword co-
occurrence recorded that the terms “Machine learning”, “Effluent”,
“Models”, “Wastewater treatment”, “Algorithm”, “Prediction” and
“Deep learning” were used frequently (Fig. 2). Most of the literature
was from the countries like China, India, USA, Saudi Arabia, South
Korea. The search terms used included: “machine learning,”
“treated effluent,” “paper mill,” “environmental impact,”
“prediction models,” “wastewater treatment” and “deep
learning,” The inclusion criteria consisted of peer-reviewed articles,
conference papers and review papers published in English that
directly addressed the use of ML for predicting the long-term
effects of treated industrial effluent. Exclusion criteria included non
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Fig. 2. Bibliometric analysis.

-English publications, unrelated industrial sectors and studies
lacking ML methodology. The time frame for the literature search
spanned from 2000 to 2024, ensuring the inclusion of both
foundational and recent advancements.

Paper effluent - An overview

The pulp and paper industry is a major source of environmental
pollution, with effluent containing high concentrations of
chemicals and pollutants. Effluent is particularly problematic
during the pulping process, where it can wreak havoc on the
surrounding ecosystem. Effluent treatment processes such as
aerobic biological treatment and anaerobic digestion are crucial
for minimizing the environmental impact of paper production.

The pulp and paper industry utilizes a wide range of
chemicals in its processing, including chlorine-based bleaching
agents, dyes, sizing agents and additives to control pH and
viscosity. These chemicals can enhance properties such as
brightness, strength and printability, but also contribute to the
complexity and potential environmental impact of the effluent.
The use of chlorine and chlorine compounds in bleaching can
result in the formation and release of chlorinated organic
compounds, which can pose risks to the environment and food
chain. Therefore, the industry must consider the environmental
impact of these chemicals and explore alternative, more
sustainable options.

The treatment and disposal of paper effluent present
significant challenges due to its diverse composition, which
includes organic matter, nutrients and chemical additives. Effluent
treatment facilities employ various techniques such as
sedimentation, filtration, biological treatment and chemical
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oxidation to remove or neutralize contaminants before discharge
into the environment (10). The discharge of untreated or poorly
treated paper effluent can have adverse effects on surrounding
ecosystems and water bodies, including oxygen depletion and
eutrophication. Advanced oxidation technologies such as
ozonation and Fenton processes are effective in removing
recalcitrant contaminants from paper effluent (10). Biological
treatment methods including the use of microorganisms have also
been explored for the removal of halogenated organic materials
and decolorization of bleached kraft effluents.

The management of paper effluent, a complex mixture of
organic and chemical substances is crucial for minimizing
environmental impacts and ensuring industry sustainability (11).
To address this, stringent regulatory requirements and
advancements, in papermaking technology and wastewater
treatment processes are being implemented (11). These efforts are
part of a broader trend in wastewater treatment, which involves
the removal of undesirable contaminants through physical,
chemical and biological processes (11). However, the presence of
emerging pollutants in treated effluents remains a challenge,
necessitating the evaluation of innovative strategies for their
removal (12). Similarly, the removal of metals during wastewater
treatment is a key consideration, particularly in meeting more
stringent discharge consents. In the context of silage effluent,
which poses its own set of challenges, a multi-faceted approach is
recommended, including the management of crop moisture
content, infrastructure for effluent treatment and disposal and the
use of natural treatment systems (13).
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Sources of paper effluent in the industry

The paper industry's impact on the environment, particularly
through effluent generation is a significant concern. Studies have
shown that paper mill effluents contain high levels of pollutants,
including total suspended solids (TSS), electrical conductivity (EC),
chemical oxygen demand (COD), biochemical oxygen demand
(BODs), phenols, Potassium (K) and NOs-N (nitrate-nitrogen), which
can harm aquatic life and the environment (14) (Table 1). The
papermaking process also contributes to excessive greenhouse
gas emissions and wastewater discharge. Efforts to address these
issues include the development of green technologies and the
promotion of a green economy in the printing industry (15).

The processing of wood pulp, a key component of paper
manufacture is a complex and environmentally impactful process.
The environmental challenges associated with this process,
particularly in terms of effluent treatment and pollution prevention
emphasizes the need for advanced treatment technologies to
address the environmental impact of pulp-mill waste. while A
recent study (14) underscores the importance of efficient
treatment for non-wood fibre pulping effluents with alternative
woody sources for pulp and paper processing to mitigate the
environmental impact of wood depletion. Together, these studies
collectively highlight the need for sustainable and environmentally
responsible wood pulp processing in the paper industry..

The environmental impact of traditional chlorine-based
bleaching methods in the paper industry has prompted the
exploration of alternative techniques. Ozone bleaching, followed
by peroxide bleaching has been proposed as a more sustainable
method for producing high-quality deinked pulp (16). Microbial
xylanases have also been identified as a cost-effective way to
reduce chlorine usage in the bleaching process while increasing
brightness and reducing the discharge of chlorinated organic
compounds (17). Control and optimization of bleaching reactions
are crucial for ensuring product quality and minimizing operating
costs. These studies collectively highlight the potential for more
sustainable bleaching methods in the paper industry.

The papermaking process is a significant contributor to
effluent generation due to its water-intensive operations and use
of chemical additives. Effluent is laden with suspended solids and
organic compounds, as well as chemical constituents from

additives. The increasing concentrations of dissolved and colloidal
substances in process waters pose challenges for managing wet-
end chemistry. The industry's environmental impact is further
exacerbated by high water consumption, solid waste generation
and air emissions. To address these issues, strategies for
sustainable water use, effluent reduction and pollution prevention
are crucial.

The surface coating industry is undergoing significant
changes to meet environmental regulations, with a focus on
reducing emissions of volatile organic compounds (VOCs). Efforts
to control the release of toxic effluents from the paper industry into
the environment include chemical, biological and mechanical
treatments, as well as bioremediation methods. The presence of
emerging pollutants in reclaimed water from wastewater
treatment plants (WWWTPs) is a major concern and innovative
strategies for their removal are being explored (12). The textile
dyeing industry is a significant source of surface water pollution,
particularly due to dye-contaminated wastewater.

Benefits of predictive modelling in managing effluentimpacts

Effluent management in WWTPs is another important area where
use of predictive modelling offers several benefits that affect the
plant’s performance, operation, cost and its environmental
implications. By use of artificial intelligence and internet of things,
the functioning of treatment plants as well as the decisions that are
made can be improved. The key benefits of predictive modelling in
managing effluent impacts include several significant advantages
in addressing the challenges associated with effluent treatment.
Data analytics involves the use of large dataset to forecast
equipment failures, chemical addition and treatment procedures.
This way, the specific treatment plants can work to improve any
weak links and thereby achieve better and optimum overall
operations, which result in reduction of costs and general
improvement of performance (18).

Costreduction

In particular, through the use of predictive treatment plants will be
able to follow, preventive maintenance measures, which in turn
will limit cases of equipment breakdowns. Preventive actions have
a great impact on repair costs, on distribution of resources and on
increasing the high lifetime of the plant equipment; therefore
could decrease the overall plant expenses.

Table 1. Typical concentration of key pollutants in paper mill effluent(15, 16)

Pollutant Description

Typical concentration

Environmental impact

range
BOD, Measures biong%igtrjable organic 150 - 1500 mg/L Depletes oxygen in wlai;c:r, harmful to aquatic
Measures total organic matter Indicates high organic load, potential toxic
coD (biodegradable + non- 500 - 3000 mg/L offects
biodegradable)
TSS) Undissolved solids in effluent 200 - 2000 mg/L Reduces lpl)%gctgse;rfttl::tsli(sm’ affects
Phenols Toxic organic compounds 0.5-5mg/L Toxicto aqufg'nccgﬁochgt'isomz even at low
. Nitrogenous compound from ) Contributes to eutrophication and algal
NO=-N breakdown of organic matter 1-10me/L blooms
Inorganic salt commonly used in ) High concentrations can disrupt aquatic
K pulping 10-50 mg/L nutrient balance
0.01-1mg/L

Heavy metals (e.g., Cr, Cu, Zn) May come from additives, inks, dyes

Indicator of dissolved ionic

EC substances

(varies by metal) Bioaccumulative and toxic to aquatic life

500 - 3,000 uS/cm Affects salinity and aquatic ecosystems

https://plantsciencetoday.online


https://plantsciencetoday.online

Environmental protection

Another application is to forecast the outcome rate of the
treatment plants and thus achieve the quality of effluent that is
allowed by the environment laws before the water is released. As a
result, plants can avoid contamination, establish the balance of
ecosystems and promote the use of water resources in activities
for sustainable development.

Risk mitigation

Conducting a predictive analysis for designing the scenario and
prognostics allow the treatment plants able to have a clear picture
about the likely hazards including the impact of floods or cyclones,
breakdown of the machines etc. Such a strategy helps plants to
plan for contingencies, minimize the scenarios that they would
violate the legal requirements and protect public health as well as
the environment.

Data-driven decision-making

Predictive modelling puts in the hands of the treatment plant
operator’s information and intelligence that they can use with
immediacy from the analysis of the data. Al algorithms along with
loT devices will help the operators to make the right choice,
minimize time as well as effort and enhance the performance of
the system with the help of predictive and trend analyses.

Overview of machine learning models

Machine learning is vital in today’s approach to deal with the
overwhelming data, making computer systems able to work out
the reaction without being coded. Such models are trained with
the help of machine learning algorithms with supervised,
unsupervised or with both kinds of data in order to make them
more effective in their predictions. This process entails inputting
data into it and optimally fine-tuning the model’s parameters for
certain tasks until the development of a ML model. There are
different categories of the ML models depending on the goals that
are set such as classification model or prediction model.
Supervised learning is the simplest type of learning and consists of
establishing algorithms which receive labelled data in order to be
able to determine how new data should be labelled or predicted.
In actuality, unsupervised learning employs data sets that are not
labelled such that it can search for patterns within the sets and this
is especially helpful in uncovering patterns and relations of these
models are Support Vector Machines (SVMs), Decision Trees, RFs

and Neural Networks among others (19). SVMs are particularly
efficient in data classification since it focuses on determining the
best margins; on the other hand, Decision Trees offer an organized
manner of estimating responses from the characteristics of the
data. RFs is a much more sophisticated method and Neural
Networks try to imitate a human brain and its nodes, where inputs
are transformed to the wanted outputs (20) (Fig. 3).

When selecting the appropriate machine learning model
some consideration that include the following aspects may be
used; speed, accuracy, model complexity and interpretability
based on the business or project being done. The picking of
models may at times involve guess work as to which would be
most appropriate for a specific task (Table 2). ML models can be
classified into two main categories: the classification models, in
which responses are members of a fixed set and the regression
models, in which responses are observed as real numbers. ML
models are significant in many different industries to transform the
business reality and introduce advanced innovations to such
branches as finance, marketing and retail chains. It is crucial for
anyone who is interested in ML to understand the differences of
the models and algorithms because this knowledge will help them
greatly when they are working as a data scientist or as a
professional using data in their daily jobs (21).

The role of machine learning in environmental prediction

Environmental prediction employs the utilization of the ML
algorithm with new approaches being adopted to minimize error
margins (19). These methods are especially useful in satellite data
analysis, climatic modelling and evaluation of the environmental
data and design. They have also been used in the contexts of air
quality modelling, with an emphasis on the antecedent predictors
to enhance the accuracy of forecasts (22). Nonetheless, the
approach described above of applying ML in environmental
pollution research has some challenges, such as the choice of
model and interpretability, model selection and data accessibility
(23). Nowadays, linear statistical analysis, time series analysis and
deep learning models are applied to extract important information
from environmental data. Sub-type of the ML field is the so-called
deep learning, which is relevant in the case of environmental data
due to the possibility of using big integrated environmental
supervision.

Input data

E[] |

XL
&

Machine learning
algorithms

Prediction Analysis

Fig. 3. Predictive ML model.
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Table 2. Key data types and their uses in ML models (21, 44)

Data type Description

Importance in ML modelling

User Navigation Data

Wastewater Inflow Volume

Ambient Temperature

Tracks user behaviour on websites to generate statistical data

Monitors the volume of wastewater entering treatment plants

Measures surrounding temperature at treatment sites

High for user interaction analysis
Critical for predicting treatment needs

Influences microbial activity and treatment
efficiency

Artificial intelligence (Al), especially in the fields of
toxicology is applied in increasing degrees for detection, prognosis
and exploitation of environmental threats. Thus, there are several
issues related to the organization of its work that needs to be
addressed in order to enhance its efficiency (23). Some of the
issues and recommendations that Zhu et al., raises pertain the
general areas of concern in environmental datasets and ML
models; issues such as inadequate preprocessing of data and lack
of standard guidelines in the creation of the models (24). An
approach to enhance the reliability and explainability of ML
models for estimating the life cycle of chemicals has been
described (25). A study highlighted recent applications and
emerging trends in predictive toxicology, demonstrating that
SVMs, RF and decision trees are among the most effective
techniques (26).

A vast number of studies have been carried out to explore
the use of both Al and ML techniques for environmental prediction
especially in air pollution and sensor data. The artificial neural
networks (ANNs) can also be used, out of which LSTM (Long Short-
Term Memory) has been proven to provide a better solution for the
air quality index case and the conclusion of employing the LSTM
model, as it has high accuracy in predicting environmental
parameters (27). A more enhanced spatial temporal LSTM model
has been discussed to prove that the given approach is capable of
modelling the complex dynamics of the environment with high
accuracy (28). In sum, these works show how Al and ML use their
resources towards environmental prediction, particularly where
air pollution is concerned and with particular focus on sensors.

The use of ML is not only restricted to the research field in
environmental prediction. It is also being used in practice to failure
and bounded rationality in decision-making regarding climate
change and environmental protection. Additionally, ML is enhancing
many different systems and processes that influence the
environment, ranging from using ML to estimate the better route for
the supply delivery trucks that release little carbon to applying ML to
find out how water can be used efficiently in farming (29-31). In
conclusion, the role of ML is rising in environmental prediction
because of the possibilities to improve the assessment of
environmental factors. The purpose of these models is as wide as
environmental toxicology, renewable energy, environmental
monitoring and protection. But there are still issues to be solved, for
example, lack of knowledge and technical difficulties in the sphere of
data quality and model explanation. Nevertheless, the application of
ML for environmental predictions can go a long way in assisting
climate and environmental conservation.

Data sources and collection methods for model training
Data sources

When it comes to models decisions about data sources are crucial
for models’ success. Some common data sources include: Effluent
discharge records, water quality monitoring data, meteorological

datasets, soil and sediment quality data, biodiversity and
ecotoxicological data, industrial process data and socioeconomic
data.

Application data formats - for example, they can work with
such data types as persons’ medical records, bank transactions
and registers of various connected objects such as loT gadgets.

The data used should reflect the application as accurately
as possible and should include all aspects of the issue at hand.
Thus, enriching the data with such modalities as text, images,
audio and video will help to cover the gap and make a model more
robust (32).

Limitations of data sources - Inaccurate forecasts may result from
the noise, biases and inaccuracies present in data sources. The
idea of "dataset multiplicity" illustrates how test-time predictions
are impacted by training data uncertainties, potentially having
varying effects on various demographic groups (33). Although
multimodal datasets are essential for creating adaptable Al
systems, they present particular difficulties for evaluating quality
and frequently don't fully integrate various modalities. Many cases
can be resolved with a single modality, exposing shortcomings in
existing datasets, according to a suggested two-step strategy for
assessing multimodal datasets. To reduce biases and enhance
model performance, these problems highlight the necessity of
more thorough dataset documentation and analysis throughout
production and use, combining qualitative and quantitative
methods (34).

Data collection methods

As for the data collection technique, it greatly depends on the
particular source of data as well as its intended application. Some
common approachesinclude:

Web scraping and crawling (31) - Repeated processes of gathering
information through websites which however, involves dealing
with large amounts of somewhat unstructured data.

APIs (Application Programming Interfaces ) - reads the data from
the online services and databases, but it is constrained by APIs.

Crowdsourcing (35) - the phenomenon of outsourcing tasks that
can be solved with the help of human intellect to a large number of
people, but here the quality issue is very sensitive.

Sensors and loT devices (36) as sources of raw data such as
images, audio, location and time series data but includes
additional difficulties in sensor noise and missing values.

Methods like Generative Adversarial Networks (GANSs) to create
synthetic data useful for augmentation and simulation.

Data preprocessing and cleaning

Depending on the type of data required, suitable data mining
techniques should be applied to collect the necessary data for

preprocessing and cleaning before feeding it into the model. Key
steps in this process include:
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. Special attention must be given to handling missing values and
outliers using feasible and realistic approaches to ensure data
quality.

Il. Data cleansing involves removing inconsistencies, correcting
errors and eliminating irrelevant data.

lll. Normalizing and scaling features to ensure that the dataisona
comparable scale, which helps improve model performance.

IV. Encoding categorical variables into numerical formats so they
can be effectively processed by machine learning algorithms.

In the beginning, huge datasets are grouped into training
data set, validation data set and the test data set. The processes
can somewhat differ depending on the nature of data being
considered and depending on the design of a certain model type.
For instance, if we have text data, it will require tokenization,
padding or even truncation while on the other hand the image will
be required to be resized, cropped or even augmented among
other things.

The selection of the right data sources and methods of data
collection is one of the most important activities when training ML
models.. Thus, collected data should be relevant, accurate and
sufficient to address the degree and impact of the issue under
consideration. Data cleaning and preparation is also significant in
order to create a model that learns from clean and well formatted
data. This enables data scientists to develop robust generalization
models that effectively apply to real-world scenarios (37).

Deep learning models for predicting long-term effluent effects

A range of studies have demonstrated the effectiveness of LSTM
networks in predicting effluent parameters and key features in
WWWTPs. The LSTM models, when compared to RNNs (Recurrent
Neural Networks), achieved more precise predictions with lower
RMSE (Root Mean Square Error) values. Another study reported that
LSTM models outperformed other algorithms in predicting
coagulant dosage and dissolved oxygen concentration respectively.
Arecent study further supported these findings, showing that LSTM-
based models, particularly the exponentially-smoothed LSTM, were
effective in forecasting key features of WWTPs. These studies
collectively highlight the potential of LSTM networks in improving
the accuracy and efficiency of effluent prediction in WWTPs (38).

A particular study employed simple RNN and LSTM
structures were utilized to build models for predicting WWTP
effluent parameters and the models’ performance was evaluated
systematically with regard to different training data situations and
model structures. In the case of LSTM model, it was found that
when the epoch is set to 50 and batch size to 100 gave the
minimum training time and RMSE (39).

LSTM models were applied to predict the trend of COVID-
19 infections in the United States, demonstrating the ability of
LSTM to predict the long-term impact of epidemics (40, 41). Also,
LSTM models have been used in the following areas such as
concrete compressive strength for sustainable construction and
energy load forecasting (42).

Other existing methods include CNN (Convolutional Neural
Network), RNN and LSTM in a progressive learning higher order
features of the raw inputs using traffic prediction. These models
have been viewed to provide better performances than the other
usual ML paradigms in handling the current complexity of
transport systems (43).

The LSTM models can be used well for the long-term
effluent effects from WWTPs due to the capability to identify the
dependency patterns between the short-term and long-term
ranges within the data set. Other factors such as tuning of the
LSTM model’s hyperparameters such as epoch and batch size can
also enhance its results (38).

Machine learning algorithms for predicting treated effluent
toxicity

Supervised learning algorithms have been employed significantly
in the prognosis of the toxicity of treated industrial wastewater
effluents. Such algorithms can assist in evaluating the possible
effects exhibited by effluents on the environment and in strategies
to control toxicity. Some of the most commonly used ML
algorithms for toxicity prediction include:

SVM: Originally developed for pattern recognition, SVMs have since
become one of the more commonly used algorithms in toxicity
prediction employing toxicity endpoints such as hepatotoxicity,
cardiotoxicity and carcinogenicity (44).

RF: The other common algorithm in the text classification is RF
which has also been proven to be quite effective in toxicity
prediction (44).

K-Nearest Neighbors (KNN): KNN has been used in the
classification of drug induced immune thrombocytopenia toxicity
with an area under a curve of 76. 9 % and the overall accuracy of
75. 6 % on an external validation dataset while it is discovered that
the classifier using the binary words only scored 6 % better on an
external validation set (31).

Ensemble Learning: Bagging among the best ensemble methods is
the one that performs excellently well based on toxicity
prediction’s accuracy, correlation coefficient and other error
measurements (45).

Deep Neural Networks (DNN): Thus, deep learning algorithms such
as DNN have been employed to predict toxicity with reference to
the fact that they are capable of learning complex patterns from
the available data sets (44).

These algorithms’ performance invariably hinges on
considerations like the nature and quantity of the underlain
dataset, the type of toxicity endpoint to be predicted and input
molecular representation It has been identified that feature
selection and model optimization are important in terms of
accurate and reliable independency predictions or models.

Likewise, the efficient and effective analysis of the toxicity levels of
industrial wastewater effluents has become relatively easy by way
of the use of ML algorithms, which enhance the rate of control to
enhance environmental protection (46).

Feature engineering for paper effluent prediction models

Feature selection activities are very important activities that ensure
the generation of well accurate effluent prediction models for
WWTPs. Thus, the indicated models enable efficient forecasting of
effluent quality parameters, which is critical for managing plant
operations and resources.

On the basis of influent water quality and some process
control parameters, predictive models were established for
effluent TN (Total Nitrogen) concentrations and total energy
consumption in WWTPs (18). To improve the predictive accuracy
of the F&A model (Feed and Aeration Model), advancement in the
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ML techniques that include Bayesian optimization and ensemble
bringing in to use RF (RF), SYM and Multilayer Perceptron (MLP)
models (47).

Innovative approaches using ML models have been
applied to predict wastewater quality parameters in both
simulated and real-world WWTP scenarios (47). These models
including RF, SYM and MLP have shown promising results in
predicting TN levels and other effluent quality parameters,
emphasizing the importance of high-quality data collection and
understanding changes in WWTP operations for model accuracy.

Original studies implementing ML models for the accurate
prediction of WCS (Water Quality Scenarios) in both randomly
generated and existing served real-world WWTPs. Specifically, the
RF, SVM and MLP models stated positive outcomes in forecasting
TN levels and other parameters of the effluent quality underlining
the necessity of qualitative data collection and identification of the
changes in WWTP for enhancing the models’ efficacy . The
Permutation Importance (Pl) and Partial Dependence Plot (PDP)
methods have been applied to assess and interpret the relative
influence of different features on the accuracy and effectiveness of
predicting effluent quality parameters. From these analyses, it can
be seen that there are high correlation coefficients between
influent parameters that are followed by nitrogen contents and the
consequent prediction results to suggest the importance of the
feature aspect in model creating (18).

Also, the literature indicates that the application of the
deep learning time series forecasting (DLTSF) with LSTM models is
effective in predicting the efficiencies of the TSS, COD, BOD,
ammonia and sulphide in WWTPs. These models such as deep
cascade-forward backpropagation (DCB) networks have indicated
high gains in accuracy for forecasting of effluent quality
parameters, which are very useful in evaluating or predicting the
WWTP performance (48).

The analysis of feature engineering is crucial when
establishing effective models to predict effluents in WWTPs. These
models can detect even the subtle changes in input variables and
thus predict the effluent quality parameters effectively, which in
turn can assist the WWTP in increasing its efficiency and serving the
environmental conservation course.

In order to improve predictive models for WWTP effluent
quality, feature engineering is essential. By improving input
components, methods like factor analysis (FA) can improve the
accuracy of ML models. Numerous models have demonstrated
promise in forecasting effluent characteristics such as total
nitrogen, nitrate nitrogen and COD, including RF, SVMs and LSTM
(49). For certain parameters, these models' R2 values surpass 0.97,
indicating their great accuracy. TSS and other influent parameters
have a considerable impact on effluent projections, according to
feature importance analysis. Furthermore, methods for reducing
dimensionality and creating interaction terms can enhance model
performance even further. These feature engineering techniques
combined with ML techniques provide insightful information for
improving WWTP management and operations (50).

The research field evaluates ML methods to forecast plant
WWTP effluent quality. Different methods of selecting and
engineering features have proven effective for improving model
performance. The integration of ML models with advanced control
strategies allowed them to enhance both operational efficiency
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and effluent quality results (51). A new predictive system based on
Golden Jackal Optimization and a two-stage feature selection
framework linked to the CNN-LSTM-TCN deep learning model for
determining effluent total nitrogen has been created (52). The
research demonstrates that choosing essential features along with
their appropriate engineering results in better accuracy of
predictive models for WWTP effluent quality assessment which
enhances operational efficiency and adds to the quality of
decisions.

Integrating machine learning models with environmental
policies

Policy implications of predictive modelling

In different areas of work, predictive modelling has some policy
conclusions of great importance. An environmental impact
assessment can affect regulatory decisions by altering the
perception of impacts concerning environmental affairs. It can
help in the decision-making regarding health care, needed
resources and cost control, especially taking into account the
healthcare reforms (53, 54). However, the applicability of this
model is subject to the regulation of the predictors as well as the
assurance of the consequences of the model.

Several scholars have previously worked on the
application of predictive modelling in environmental policy. As
mentioned by a previous study, with an application of the
predictive models it is possible to further improve the policy
decisions and accuracy of the regulation monitoring; besides, the
use of ML algorithms can increase the efficiency of the
environmental law monitoring to the highest level. This is in
concurrence with that furthering the issue is Task 3’s future aim of
clearing the outputs of these models to policy communities and
citizens (49).

Across a range of industries, ML is being used more and
more in policymaking because it provides notable improvements
in decision-making and predictive modeling. In order to make
better educated and effective policy decisions, machine learning
algorithms can analyze large datasets, find trends and offer real-
time insights. To minimize Clean Water Act (CWA) infractions and
maximize resource distribution, ML-based systems have been
utilized in environmental policy (55, 56).

But when ML is used in governance, issues of bias,
transparency and data privacy arise, calling for stronger legal
frameworks and better model explainability. When dealing with
"prediction policy problems," which call for predictive inference as
opposed to causal inference, ML approaches are especially
helpful. Al and ML present promising predictive analysis solutions
in environmental toxicology, facilitating more accurate and
efficient environmental risk assessment along with supporting the
development of evidence-based policy (57).

How ML can inform regulatory measures

ML models have displayed influence in boosting environmental
regulation and policy analysis. One of the key strengths of these
models lies in their ability to process large datasets and identify
patterns, which can assist in pinpointing facilities that are most
likely to face regulatory violations during inspections (55). In line
with this, recently a study expounded further that it is equally vital
to ensure that the outputs of these models are readily available
and easily comprehensible by policymakers and the public.
Conversely, the resource requirements of the evidence synthesis
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methods might hinder the usability of ML in the decision-making
process of conservation (54).

Supervised Learning Approaches for Effluent Prediction

Many researches employed supervised learning strategies in
predicting and modelling the efficiency of WWTs (Wastewater
Treatment Plants) particularly those dealing with the phosphorus
removal. Among the implemented approaches is SVMs, which is a
type of ML that is applicable to the data, which have nonlinear
associations. The research focus of a study was to identify whether
the use of least squares support vector machines (LS-SVMs) would
enable the prediction of the total phosphorus content in the
wastewaters discharged by the treatment plant and its potential to
exceed a recommended threshold of 1.0 mg/L . The various
kernels that were tested by the researchers included RBF (Radial
Basis Function), polynomial and MLP and out of them the RBF
kernel function provided the best results with 88.52 % of the
classification rate. This shows that the developed SVM-based
models are capable of accurately depicting the levels of
compliance of the effluent quality to set standards (58-62).

Another recognized approach of the accrued technique in
training models of the wastewater treatment processes is the
neighborhood component analysis (NCA) that copes with the
precisely supervised kind of learning. An example of an
investigation that applied NCA as a tool aimed at identifying the
correlations between the process factors and the efficiency of a
papermaking wastewater treatment (63). NCA is a ML method that
aims to acquire the distance measure that yields highest
classification accuracy by nearest neighbor classifier. Used to
recognize the primary process variables that define the treatment
process rendering them decisive for NCA, it can shed a light on the
critical factors that determine the efficiency of treatment process
(60).

Although these methods give reasonable outcome, they
are restricted with the requirement of labeled data, which could be
difficult to get specifically for the city’s complicated wastewater
treatment system. In response to this, various methods of self-
supervised learning have been investigated, whereby the ML
models are capable of learning pertinent representations from
data which is not labelled and then can be fine-tuned to provide
estimations for certain feats.

In this regard, a study suggested a new hierarchical
molecular graph self-supervised learning method for property
prediction and the proposed method could be employed for
predicting the behavior of chemical compounds present in the
wastewater (61). In a similar manner, there is a self-supervised
speech representation learning method known as (HUBERT)
Hidden-Unit BERT (Bidirectional Encoder Representations from
Transformers) that addresses the difficulties of speech data and
the absence of a lexicon of input sound units during the pre-
training phase. These unsupervised learning methodologies could
perhaps be integrated to learn some valuable features of the
WWTPs from the available data which in turn could be trained to
predict certain functions (5).

The research work that also applied the self-supervised
learning approach used for modelling spatial-temporal data such
as crime forecasting was named the “Spatial-Temporal Self-
Supervised Hypergraph Learning (ST-HSL)” framework (63). Using
this hypergraph representation, the aforementioned complex

relationships between different regions and time stages are
incorporated. Furthermore, the learning process of the self-
supervised learning framework is divided into two stages to learn
the local as well as the global spatial and temporal patterns. While
this framework analyzed crime occurrence, the possibility to reuse
its components, viz, self-supervised learning and hypergraph
representations, could potentially be beneficial for modelling
WTW’s spatial-temporal features.In the area of WWT, several
supervised learning techniques like SYMs and NCA have been
proven useful in the context of performance determination,
particularly with respect to effluent quality. But due to the scarcity
of labeled data, researchers have turned to self-supervised
learning which could pave the way for better learning of these
complex systems and enhancing the developing models for
prediction (63).

Unsupervised learing methods for identifying effluent patterns

Effluent patterns are critical aspects in the case of environmental
monitoring as well as wastewater management for the effectual
control of industrial outfall on ecosystems. The use of
unsupervised learning techniques is a much more effective
approach when it comes to outlining and analyzing these patterns
since they do not require the use of labeled data. Here, we explore
some of the most important methods of unsupervised learning
usually applied to the search for effluent patterns.

Clustering algorithms

Algorithms such as the K-means, DBSCAN and hierarchical
clustering categorize data in segments with similarities within each
segment in unsupervised learning (64). These algorithms are
especially helpful for pattern analysis particularly in an effluent
data set since they can categorize effluent data into different
clusters, which reveal patterns and outliers that cannot easily be
seen by simply observing the data (65). These algorithms play a
significant role in data mining, especially in regards to the
detection and analysis of large amounts of data at an early stage
(66). However, depending on the nature of effluent data, certain
algorithms might be preferable over the others, although each has
its own advantages and limitations.

Principal Component Analysis (PCA)

PCA is quite useful in simplifying high-dimensional data or effluent
data. Thus, moving variables to the new uncorrelated coordinate
system, PCA can help to understand the data structure and
relationships between variables. This makes it very useful when it
comes to data analysis and in particular data visualization because
one can display the relative positions of the data points in as many
fewer dimensions as possible while preserving as much
information as possible. However, in the case where the data
distribution is not normal, then the data has to be transformed
before PCA could be performed on it (68).

Self-Organizing Map (SOM)

SOMs are one of the most advantageous methods of non-
hierarchical clustering of high-dimensions data used in different
domains. For this purpose, SOM Toolbox is recommended
especially for implementation in the MATLAB environment. In
industrial engineering, SOMs are applied to process monitoring as
well as modelling and have shown good results in, for example, the
pulp, steel and paper industries. Through the application of SOM-
ANN the water, soil and sediment quality in the petrochemical
regions can be classified which then gives insight to remedial
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actions (69). This body of work confirms the ability of SOMs in data
organization and representation, as well as in the elucidation of
spatial tendencies in the management of environments.

This paper reveals that there are numerous techniques and
tools of unsupervised leaming that help to identify effluent patterns
in the environmental monitoring and wastewater management.
Moreover, the use of clustering algorithms and dimensionality
reduction techniques, anomaly detection methods, association rule
mining and SOMs can help the researchers and practitioners to
discover the aspects of effluent data along with the ways to use it
more effectively in order to protect the environment and minimize
potential threats to human health.

Comparative analysis of machine learning models

In the present world, ML has been identified as a robust technique
for solving several problems in different fields. This is mainly
because the use of ML techniques is still young; moreover,
researchers and practitioners are always in a dilemma as to which
technique is best suited for their problem. Such comparative
analysis leaves many possibilities open to investigate the
differences in interrelations, strengths and weaknesses of various
ML models and applicability of their methods of long-term impact
prediction (Table 3).

Several comparative studies have been made to analyze
the effectiveness of various kinds of ML in numerous applications.
The six studied ML models for landslide susceptibility modelling
included extreme gradient boosting, RF, ANN, SVM, C4. 5 decision
tree and naive Bayes (70). Based on the evaluations, it is revealed
that the XGBoost model (XGB) was the best model in terms of
accuracy and performance (71).

A more recent study summarized and compared three
popular ML models, which include the Linear Model, the Forest
Model and the SYM (72). This study discovered that the Linear
Model is less succinct than the Forest and SYM models in terms of
performance because of the former’s inability to handle as many
kinds of interactions as well as relationships and distinctive
patterns. Forest and SVM models are relatively more complex and
less explainable than the Linear Model.

However, the selection of the appropriate ML model that
will yield more accurate and long-term impact prediction depends
on several factors such as the type of the task to be solved, the data
available as well as the level of explainability. For instance, if the
relations in the problem are complex, non linear and the volume of
data is large then models such as, RF or SYM might be more
appropriate. On the other hand, where interpretability of model is
a consideration and the problem at hand can well be solved by
linear models the Linear Model could be a better option. It is
imperative for long-term impacts prediction to compare the
available or developed ML models in order to identify the one most
suitable for the purpose. Although such algorithms as RF or SVMs

Table 3. Comparison of ML models for effluent prediction (79, 80)
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may demonstrate better performance regarding the accuracy,
these algorithms can be more non-transparent or intricate. This is
because while the Linear Model is easy to interpret and thus more
interpretable, its performance on complex problems may be lower
compared to the complex models. Consequently, the selection of
the most suitable model depends on the characteristics of the
given problem and available resources (72).

Applications of ML in environmental science

Data analytics together with ML has been beneficial to
environmental science averagely contributing more on
opportunities and accessing techniques (19). They have been
applied in the areas such as; climate, electricity usage and disaster
management. It has also been implemented in areas like
environmental and water management, where big data and
processes have been used in data-aided methods (73). But, when it
comes to adopt such methods in environmental science and
engineering, one must focus on how to construct the models, how to
interpret the results and how to evaluate the applicability of the
models. An essential area of the use of the ML in Environmental
Science in the production of forecast / predictions of weather
conditions. The refined algorithms open up the possibilities of ML
models with respect to enhance predictability based on intricate
weather data. It is important when there is unexpected calamities
and general management of resources in the context of evolving
climate. Also, ML can be used for energy sustainability by using smart
methods for energy consumption, finding patterns of energy use
and integrating renewable energy into the system.

In this aspect, ML has proven to be a useful tool especially in
the area of pollution control in the environment. ML can be
employed for pollution change prediction and tracking, for water
quality prognostication and for contaminant recognition (74, 75). A
former study provides another example of how ML works to identify
other high-risk facilities that should be targeted for an inspection to
yield more value for the effort being expended (49). The proper and
effective assessment of data and modelling of water quality is
inevitable and ML can widely contribute to this step (70).

Hence, in the case of marine plastics and microplastics in
particular, ML has proven to be rather useful, offering the prospect
of improving identification and evaluating the environmental risks
(75). Regarding the application of ML in maritime transportation,
the environmental impact in ports can be reduced when it comes
to emissions and energy (76). However, some of the challenges
associated with ML in environmental pollution research, including
air quality and post-consumer plastic recycling are interpretability
of the model and data sharing (76). In the ocean studies also, ML
was used in field studies like in the prediction of ocean weather
and climate, modelling of habitats and identification of oil spills
and pollution. These studies collectively show the capabilities of
ML with an aim to solve some of the problems facing the

Correlation Coefficient

Model (€C) RMSE Best use case Computational cost Interpretability
Best overall . Moderate (complex kernel
GPR 0.964-0.975 Low performance High functions)
RF 0.932-0.943 Medium Robustslerw?]gsd data Medium High (feature importance available)
XGB 0.916 - 0.954 High Fast processing times Low Medium (requires tools like SHAP)
LightGBM 0.883 - 0.890 High Handling large data Very Low Low to Medium (requires post-hoc

sets

tools)
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environment like the problem of marine plastics. Considering data
analysis, the use of ML and Deep Learning is more extensive, as
they allow discovering important information from big data sets.
These findings can be used in decision-making in changes that
have to be made concerning the environment, hence helping in
resource optimization and policy implementation. With this ML’s
help, advancing information-centric investigation in ES, theoretical
notions are supported by practice and bring visualization of the
complex environmental problems, making the approaches to their
solving more global (Table 4).

Limitations and challenges of ML in paper effluent prediction

ML has become an essential technique useful in many fields
among them being environmental science, which can be used to
predict results such as paper effluent characteristics. Nevertheless,
as with any other field, there are limitations and complexities that
are inherent in the use of ML in this aspect. In this discussion, the
different challenges and limitations that are encountered during
the use of ML in the prediction of paper effluent will be elaborated
(Table5).

The prediction of paper effluent properties using ML
presents both technological and ethical issues. Training data bias
can produce biased results, especially for underrepresented
communities. Since only well-funded organizations may have
access to advanced technologies, it is imperative to ensure equity
in the adoption of ML. Data quality problems are one example of a
technical barrier; effluent data is frequently inconsistent or lacking
(77).

Concerns about model interpretability persist, particularly
when intricate algorithms are used as "black boxes". Inadequate
validation of models across many circumstances might lead to
overfitting and generalization issues. Researchers provide
solutions to these problems, including fairness-aware algorithms,
openness policies and thorough data analysis to identify critical
variables and minimal data needed for precise forecasting (78).

Data quality and quantity

One of the main issues in applying ML for paper effluent prediction
is data: its deficiency and quality. It is an evident fact that the
performance of ML models strongly depends on the amount and
quality of data for training. However in paper effluent prediction,
one of the big challenges is to collect detailed and representative
data sets containing a wide range of effluent attributes. Restricted or
skewed information can cause deviations in model performance
and inhibit the learning capacity of ML algorithms (79, 80).
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Feature selection and engineering

Another important aspect or component of ML is feature selection
or feature engineering, Deciding which features would have the
greatest impact on effluent characteristics contained in the paper
and incorporating these into quantifiable inputs for the model is a
difficult process. When dealing with paper effluent predictions, it is
important to select the appropriate features that define and
describe the effluent characteristics and tendencies. Lack of proper
feature selection leads to poor performance of models, lower rate
and accuracy of predictions (81).

Modelinterpretability

Another general issue of the ML models is the interpretability of the
models. The predictions are often made in demanding decision-
making areas, such as in an environment where everything needs
to be clear and understandable. Some of the macro models used
in machine learning, especially deep learning models are known to
be ‘black boxes’; hence, explaining the outputs of a model is not
easy (82). In the case of paper effluent prediction, the models
developed must give results that can be easily understood by the
stakeholders especially to undertake necessary actions (83).

Overfitting and generalization

Numerous ML problems are affected by overfitting, including
predicting characteristics of paper effluents (84). Different
approaches have been suggested in order to reduce overfitting such
as early stopping, pruning, augmentation and regularization (84).
These strategies try to strike a balance between the model’s
complexity and its ability to generalize well across different
scenarios as well as datasets, thus enhancing accurate prediction
of effluent. Model simplification, reliable model assessment and
data variety have been stated as significant strategies to beat
overfitting in immunological applications (85). In another work,
this importance has been elucidated by explaining that there must
be a comprehension about the generalization equations in ML
procedures for effectively combating overfitting (82).

Computational resources and scalability

ML algorithms and in general, taking large models like DNN that are
computationally intensive to compute on can have a huge amounts
of power consumption (23). Consideration should also be given to
computational efficiency and scalability of models in certain cases
such as paper effluent prediction where real or near-real time
predictions may be needed (86, 87). Limited computational
resources hinder the application of ML models to predict paper
effluent generated in dotted settings due to computer science

Table 4. Summary of ML applications in environmental predictions (71)

Application area ML technique Outcome

Urban Air Quality
River Water Quality
Wildlife Population Dynamics
Agricultural Impact
Industrial Energy & Emissions

Regression Trees, Neural Networks
SVM
Satellite Image Analysis
Predictive Modelling
Pattern Analysis

Accurate air pollution forecasting
Enhanced pollution detection and remediation
Informed conservation strategies
Optimized farming practices for reduced runoff
Reduced energy consumption and emissions

Table 5. Summary of challenges in predicting environmental impacts (37)

Challenge category Specific issues

Data Quality
System Complexity
Interpretability
Resource Intensity
Ethical and Regulatory
Scalability and Generalization

Bias, inaccuracy, non-representativeness
Difficulty in modelling dynamic, complex environmental systems
"Black box" models, lack of transparency
High computational and energy costs
Privacy concerns, bias, job displacement, regulatory compliance
Poor performance in new or varied environmental contexts
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limitations (83). Considering all the above discussion, it can be
concluded that while ML has great potential for prediction of
effluent characteristics from papermaking; however large number
of limitations and challenges need to be taken care in order to
achieve fuller potentials. Addressing questions of data quality,
feature selection, model interpretability and overfitting, as well as
computational resources is a significant step toward creating ML
models in predicting paper effluents that are strong and
trustworthy (88).

Future directions for research and development
Emerging ML technologies

Current innovations in ML and DL (Deep Learning) have given a sign
of hope in improving processes in water treatment. These
technologies have been incorporated in different fields, some of
which are WWTS in which they have been used in modelling
processes, estimating technology performance and working
conditions. Nevertheless, the application of ML in predictive control
has made operations stable and decreased aeration in wastewater
treatment processes (89). Moreover, combined with DL models like
LSTM networks the prediction of major characteristics of WWTPs has
presented relevant evolutions; which the implications in system
availability and operational costs are highly significant (40). However,
there are still issues like the lack of good data management and
explainability of the models that need to be solved to unlock the full
potential of these technologies (90) (Table 6).

Researchers currently emphasize the necessity of adding
Explainable Artificial Intelligence (XAl) technology to ML systems
that monitor and control WWWTP operations. The
implementation of XAl techniques enables better understanding of
complex models by enabling targeted process improvements
which results in more efficient wastewater treatment (91). XAl
implementation in compliance and regulatory models provides
the necessary audit capabilities with traceability features needed
to establish trust in Al systems. The improvement in XAl techniques
becomes essential in environmental monitoring systems because
it enables better understanding of model decision-making.

The importance of SHAP (SHapley Additive exPlanations)
and LIME (Local Interpretable Model-Agnostic Explanations)
methods as part of explainable Al (XAl) increases because they
develop ML model interpretability in different application fields.
Through these methods companies gain better understanding of
model decisions which enables both bias detection and fairness
enhancement. The interpretation of results becomes complex due
to both selector choice and feature correlation with the selected
model while following both processing techniques. The
implementation of Explanation as a Service (XaaS) tools SHAP and
LIME provides both model transparency and operator-Al system
collaboration which can boost operational reliability and efficiency
in different markets (91).

Table 6. Future trends in ML and ES (7, 37)
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Potential for cross-disciplinary research

The incorporation of ML along with interdisciplinary techniques is
the need of the hour to combat global issues like global warming
and the depletion of resources. It can benefit climate analysis as
well as teleconnections elucidation and upgraded weather alerts
(91). It also has a critical application in prognosis or creating
models based on data collected for assessment of the impact of
climate change on the environment (92). A change from the linear
model of scientific research and innovations to the sophisticated
socio-technical systems of knowledge co-production, the “Triple
Helix” and the “Quadruple Helix” require cross-boundary
collaborations across disciplines (93-97). These models enable the
societal frameworks to provide constant cooperation between
academia, industry and government to promote long-term
environmental innovation.

The next frontiers in effluent impact prediction

The science of using ML and Al to predict and counter the effects of
effluents is still advancing and can grow. The models containing
both process-based and ML-based synchronous ones seem to be
the most promising since they can help increase the accuracy of
estimations and computation speed, taking into account the data
that is still insufficient to comprehend (98). They are also being
progressively applied to environmental governance such as the
scheme for prediction of air quality, typification of solid waste,
mapping of the distribution of pollutants and controlling of the water
environment (95). In the case of industrial effluent treatment, the use
of ML and Al has been reported in constructed wetlands and
Activated Sludge WWT processes and they appear to be in good
effect. Another trend in the development and application of
emissions monitoring systems based on mathematical models at
industrial facilities is the introduction of the system of predictive
emissions monitoring (96).

Model development and evaluation

The general processes go through the creation of models, the
assessment and validation of the models that are used in a broad
range of fields. It encompasses formulating, developing and iterating
amodel to reflect reality, the system or phenomenon under analysis.
In model development, the first steps are usually to identify the
problem that a model is proposed to solve, the goals of the model
and to collect data (97). Scholars next decide which methodology is
suitable for recreating the process, depending on its nature and the
available information, i.e., statistical, mathematical or simulation
(98).The model is then developed and it’s parameters are estimated
utilizing procedures such as regression or optimization.

Another important and related process is the evaluation of
the model and its performance. The final step in the validation of a
model is the cross validation, where the predictions of the model
are checked with respect to factual data or facts (99). Selection of
certain categories and models is generally used in testing a model

Trend Description

Potential Impact

Al and ML Technology Advances WWTPs

Smart Technology Integration

Cross-Disciplinary Research

Hybrid Modelling Techniques approaches

Development of advanced ML models like LSTM for

Merging ML with smart technologies for water
management

Combining ML with various scientific disciplines

Enhances accuracy and operational efficiency
Reduces costs and improves sustainability

Fosters innovation and addresses global challenges

Developing models that blend process-based and ML Improves prediction accuracy and computational

performance
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and measuring its performance and these include; goodness-of-fit
measures, error rates and statistical significance. The model’s
output may show poor performance and hence, the researchers
may be required to improve the quality of the model, perhaps by
modifying its characteristics, optimizing or reducing the number of
variables used or employing other modelling methods (97, 99).

Another factor, perhaps more significant when assessing a
model is the question of the drawbacks or the relative error of the
model For one, models are abstractions and often, they do not
fully encompass the details of the real world system that is being
modeled (98). Such limitations should be pointed out
appropriately by the researchers and compute the level of
uncertainty present in the predictions (99).

The model development and model evaluation are two
parallel cycles of a model development process, during which one
has to design, test and improve the models for the sake of their
accuracy and effectiveness. Considering the common difficulties of
ML, the researchers can obtain the necessary models that reflect
real-life systems and can be applied in different spheres for
decision-making (Table 7).

Predicting effluentimpact on water quality parameters

Effluents from various industries can significantly impact water
quality parameters, leading to environmental and health
concerns. Several studies have highlighted the detrimental effect
of industrial effluents on water bodies. Factory wastes especially
the textile, rubber and other industries emit high levels of heavy
metals, orgainic compounds and other toxins.For example,
research on the effects of effluents on water resources have
demonstrated that they change the parameters including pH, EC,
alkalinity, chloride, fluoride, TDS, hardness, DO (Dissolved Oxygen),
BOD and COD above their authorised limits consequently
profounding water quality (96).

A case of industrial effluent pollution affecting water quality
was reported in the Oken River, Nigeria, where elevated levels of
salinity, turbidity, total dissolved solids (TDS), dissolved oxygen
(DO), chemical oxygen demand (COD) and heavy metals were
detected downstream of the effluent discharge point, rendering
the water unsuitable for human consumption. Similarly, a study on
the ecological impact of effluent discharge from a fish farm into the
Odo-Owa stream in Nigeria revealed significant deterioration in
water quality, highlighting the urgent need for monitoring and
protection of water bodies from untreated effluents (94).

The pollution level of these effluents has a significant effect
on the water quality characteristics as well as the quality of water
available for consumption and use, hence there is need for
enhancement of standards for effluent discharge, treatment and
control to protect water and human health. The necessity of
controlling and regulating industrial discharge is paramount as it
aimsto reduce the impact of effluents to water quality.

Table 7. Summary of training and testing techniques (100)
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Forecasting changesin DO levels

DO, which often is used to evaluate water quality and the
conditions of water inhabitants presence. Essential information
must be gathered and analyzed in order to forecast the changes in
DO levels with precision to allow efficient water management.
Some prior research has suggested newly developed deep-
learning models and functional forecasting methodologies to
forecast DO levels.

The study offered a deep learning model based on a graph,
which was named Graph Neural Network Sample and Aggregate
(GNN-SAGE) and it proved to be the most efficient method for
predicting DO levels in the Credit River Watershed, Ontario,
Canada. It further presented an AUC-ROC (Area Under the Receiver
Operating Characteristic Curve)of 0.97 and the RMSE of 0.34 mg/L;
the results were superior to all benchmarking models. This way,
the model received spatiotemporal information from the
neighboring monitoring stations and subsequently, temperature
was determined as one of the drivers affecting future DO levels in
the water body (95).

Another method that can also be used when developing
the forecast of the vertical profiles of DO percent saturation in lakes
is the functional data analysis (FDA). FDA models were constructed
with 2 hr interval DO measurement data and the overall DO profile
was predicted for the 2 to 24 hr into the future. The FDA method
performed better than the other models and extending the list of
functional variables to include pH, temperature and conductivity
enhanced longer-range predictions (97).

In hydroponic systems, the DO level was greatly affected by
the variation in the value of environmental temperature. Autopot
had a positive effect of DO and temperature while Smart Waterer
Unpad 1 and Smart Waterer Unpad 2 had negative effects. Indeed,
the independent Smart Watering Unpad 02 installation as
mentioned earlier herein this paper was able to attain optimal
mean DO levels as compared to the other used watering systems.

These studies prove the possibility of using such state-of-
the-art methods as graph neural networks and functional data
analysis for effective DO level prediction in different water bodies
and systems. Extending the system with spatial and temporal data
of the source and DO, as well as adjustment of the model to the
changes in the seasons can enhance the accuracy in the DO
forecast.

Futures assessment of effluent on water quality
characteristics BOD, COD, pH and effects of temperature fluctuation
are important approaches that must be taken to protect the actual
water resources. From the available literature, knowledge on the
impact of industrial wastewater effluent on surface and
groundwater qualities is provided, onsetting the significance of
monitoring and managing industrial wastewater effluent. From the
available literatures, knowledge on the impact of industrial

Technique/Tool
Cross-Validation

Description

Bagging Aggregates predictions of multiple models
Boosting Sequentially corrects errors of previous models
Accuracy Measures correct predictions

Precision and Recall Measures correctness and completeness of positive predictions
F1 Score Weighted average of Precision and Recall
AUC-ROC Measures separability

Assess model generalizability on independent dataset

Used for
Model Validation
Reducing Variance
Reducing Bias
Model Performance
Classification Accuracy
Balance between Precision and Recall

Classification Problem Thresholding
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wastewater effluent on surface and ground water qualities is
provided; onset the significance of monitoring and managing of
industrial wastewater effluent.

Impact of industrial wastewater on surface water quality

Another research conducted on An Giang Province in Vietnam
showed that the AWWQA (American Water Works Quality
Association), TSS, BOD, settleable solids, nitrate, ammonia and
coliform had polluted the surface water through the discharge of
industrial wastewaters (96). This implies that industrialization poses
a great influence on the pollution of surface water and therefore
needs constant treatment to avoid the use of contaminated water.

Impact of dyeing industrial effluent on groundwater quality

A previous study, which was aimed at identifying the effects of
dyeing industrial effluent on groundwater quality, reported the
textile industries as the major polluters in Bhilwara city in
Rajasthan. Finally, the analysis also uncovered that the effluent
from these industries affected the physico-chemical quality of the
groundwater and thus, called for appropriate treatment and
disposal of industrial effluent (100).

Assessing water quality using ANNs

An ANN and FA based on the Nemerow pollution index (NPI) were
employed in the study on the treatability influence of municipal
sewage effluent on surface water quality evaluation (98). The
model's effectiveness in evaluating the quality of water was
demonstrated by the results, with chloride being a crucial
parameter. This method can be helpful in forecasting how effluent
will affect various aspects of water quality.

Predicting BOD and COD: Predicting BOD and COD necessitates
taking into account a number of variables, including the kind and
volume of industrial effluent, the treatment methods used and the
inherent characteristics of the receiving water body (99). ANNs and
FA can be helpful tool for predicting how effluent might impact
BOD and COD.

Predicting pH and temperature variations: It is necessary to take into
consideration the same elements as well as the particular
industrial processes involved in order to predict variations in pH
and temperature. For instance, it has been discovered that the
tanning process considerably affects the concentrations of pH,
BOD, TSS, COD and TDS in wastewater (100). These effects can be
lessened and the contamination of surface and groundwater
resources can be avoided with the proper treatment and
management of industrial wastewater.

Conclusion

In summary, ML offers advancements in accuracy, efficiency and
long-term forecasting; making it a viable option for estimating the
environmental impact of paper effluent discharge. However, to
guarantee dependable model performance, a number of important
issues need to be resolved. Among these are the quantity and
caliber of training data, since inadequate or skewed datasets can
impede learning and produce predictions that are not reliable. To
effectively depict effluent behavior and trends, effective feature
engineering and selection are also necessary. Furthermore, model
interpretability is still a major challenge, especially when utilizing
intricate architectures like DNN, since stakeholders need to be able
to comprehend and have faith in model outputs in order to make
well-informed decisions. The implementation of ML in practical
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settings is made more difficult by technical issues including
overfitting, generalization and processing needs. However, data and
resource limitations can be addressed with the use of transfer
learning and model pruning techniques, which improves the
adaptability of previously trained models to tasks unique to the
paper sector. Overall, by carefully negotiating these hurdles, ML can
play a crucial role in promoting sustainable and data-driven
environmental management methods in the paper production
sector.
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