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The integration of mathematical modelling in different scientific domains has increased dramatically in recent years. In general, modelling involves using programming languages, manipulating matrices, designing algorithms, and tracking functions and data to gain new insights and more quantitative and qualitative information about systems. These strategies have motivated researchers to investigate numerous approaches to accurately solve a variety of problems. In this direction, modelling and simulation have been used to create sensitive and focused detection methods for a variety of applications, including environmental control. New pollutants, including pesticides, heavy metals, and medications, are endangering wildlife by poisoning water supplies. As a result, numerous biosensors that use modelling for effective environmental monitoring have been documented in the literature. The most current model-inspired biosensors used for environmental monitoring will be discussed in this review study. Additionally, each analytical biosensor’s capabilities and degree of success will be discussed. Finally, present difficulties in this area will be highlighted.
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1 INTRODUCTION
Due to the harmful impacts of pollutants on ecosystems and human health, environmental monitoring is one of the global issues that is becoming more and more of a worry (Justino et al., 2015). Unfortunately, the majority of these pollutants have a long half-life, high toxicity, and are non-biodegradable, which increases the risk to living things by causing bioaccumulation (Bonanno and Giudice, 2010; Teniou et al., 2021). Therefore, mitigating the harmful impacts of these toxins requires constant environmental monitoring. For the past few decades, heavy metals have been a significant contributor to environmental degradation (Majumdar et al., 2008). The food chain incorporates heavy metals, which then participate in bioaccumulation and biomagnification (Volesky and Naja, 2007). Long-term exposure to the heavy metals can result in cancer, organ failure, nervous system impairment, and, in severe cases, even death. Therefore, the bulk of environmental protection authorities worldwide are quite concerned with heavy metal removal (Abdel Baki et al., 2011). According to reports, the biological elimination of heavy metals is a safe, effective, and risk-free method. The approach can be used to treat drinking water since it is more effective at removing heavy metals from diluted solutions than other methods. Additionally, biosorbents are easily regenerative and versatile (Wang and Chen, 2009).
Over the past 10 years, artificial intelligence (AI) has advanced significantly in a wide range of applications. It has been applied to address challenging, non-linear, and dynamic issues. Additionally, modelling, prediction, simulation, and optimization at high speed is thought of as an alternative to conventional techniques or as a part of integrated systems (Teniou et al., 2021). Analytical chemistry uses chemometric procedures frequently, particularly in environmental investigations, demonstrating the effectiveness of data processing methods in this area. Chemometric approaches are one of the AI-based advanced analysis techniques that are frequently employed in analytical chemistry, particularly in environmental investigations, demonstrating the effectiveness of data processing methods in this area.
The main areas of interest in chemometric environmental studies are quantitative chemical analysis, environmental quality assessment monitoring, modelling, and the prediction of toxicological consequences (Gros et al., 2006). Chemometric techniques are widely employed in environmental monitoring because they make it possible to identify and describe how different environmental elements interact. They also make clear how these factors might affect the environment (Chapman et al., 2020). Analysis by Principal Components PCA provides the foundation for many other chemometric techniques and is thought to be the most effective and well-liked one. This strategy is an exploratory data analysis using a multivariate statistical method (Teniou et al., 2021).
2 EMERGING CONTAMINANTS AND SOURCES
In recent years, it has become well known that wastewater, groundwater, and surface waters can contain emerging contaminants (ECs), such as pesticides, personal care products, x-ray contrast media, endocrine disruptors, and medications (Naidu et al., 2016; Wilson and Aqeel-Ashraf, 2018; Rasheed et al., 2019; Keerthanan et al., 2021). Disruptive endocrine chemicals (EDCs) are one class of EC that has drawn a lot of attention recently. EDCs are “an exogenous (non-natural) chemical, or a mixture of chemicals, that interferes with any aspect of hormone action,” according to the Endocrine Society. These substances alter the body’s hormonal balance through a variety of mechanisms, including hormone production disruption, hormone mimicry, hormone receptor development, hormone antagonist activity, and hormone binding modification.
EDCs are a diverse class of molecules known as “endocrine disruptors” that have been shown to have physiological activity. Through a variety of pathways, including point sources (including municipal sewage, industrial wastewaters, and landfills) and non-point sources (such as landfills), EDCs accumulate in the environment, particularly in waters (for example, agricultural runoff and underground contamination). There have been reports of ECs in wastewater, groundwater, and surface water. Only a small number have, however, been found in the natural world. Volatilization, photolysis, biodegradation, sorption, or a combined action of these processes usually results in a higher concentration of these substances at the outflow of wastewater and sewage treatment plants.
When measured in surface waters, on the other hand, it is usually lower because of volatilization, sorption, biodegradation, photolysis, or a combined action of these processes (Gurr and Reinhard, 2006). whereas effluents from wastewater treatment plants are typically discharged into surface waters. The amplitudes and concentration levels measured in surface waters are generally much higher than in groundwaters since residence times for surface water are shorter than groundwater (Barnes et al., 2008). The characteristics of the substance present are influenced by the source of the ECs. Additionally, physicochemical properties and environmental factors like altitude, latitude, organic matter content, pH, polarity, precipitation, water solubility, temperature, and volatility affect the transport and conversion of ECs. When estimating an EC’s lifespan in the environment, these factors must be taken into account. There are many different EC sources, both in terms of quantity and type. The two main categories are point and diffuse pollution sources (Lapworth et al., 2012).
According to Edelstein and Ben-Hur (2018), heavy metals (HMs) are a class of metals and metalloids distinguished by their high density (greater than 4,000 kg/m3) and high toxicity, even at low concentrations. This group of emerging pollutants includes cadmium (Cd), lead (Pb), mercury (Hg), and arsenic (As). Other trace elements that are regarded as heavy metals include copper (Cu), selenium (Se), and zinc (Zn) (Pandey and Madhuri, 2014). The majority of heavy metals are created during industrial activities such as automobiles, electroplating, industrial processing, mining, organic chemicals, pharmaceuticals, and other industrial wastewater processes (Huang et al., 2007).
By binding to particular proteins and enzymes to form “free radicals,” heavy metals disrupt the body’s systems and inhibit the absorption of nutritional minerals by competing with them. Therefore, HMs have the ability to change certain metabolic processes, cellular processes, and other substances that are vital to preserving the equilibrium of the organism (Sharaf, 2019). Heavy metals are mutagenic, carcinogenic, and immunosuppressive when exposed repeatedly. The kidneys, reproductive, nervous, and immune systems are all impacted by high levels of Pb (Cîrtînă et al., 2019). Heavy metal pollution is a serious issue for farming soil pollution and product quality because it causes plants to grow in ways that are not natural (Edelstein and Ben-Hur, 2018).
It has been demonstrated that oxidative stress and reactive oxygen species are mainly produced by the high concentrations of Cu in plants (Filetti et al., 2018). A significant rate of Pb in soil has also been associated with the altered morphology of different plant species (Kushwaha et al., 2018). Liberation of heavy metals into aquatic systems may result in various physical, chemical, and biological processes (Guo et al., 2018). For example, shifts in physical conditions could affect the pH of the water, the organic content of the substrate, and the size of the water’s particles, which would have an impact on plants by lowering species diversity and densities (Teniou et al., 2021).
3 SOURCE OF HEAVY METALS
Heavy metals can be found in our environment from a number of different sources, including 1) household waste; 2) industrial sources; 3) agricultural sources; 4) power plants; 5) electronic waste; 6) mining; 7) natural resources; and 8) other resources. In Scheme 1, the sources of heavy metals are represented schematically. Many of the categories discussed below may be debatable when it comes to separating the source and treatment of heavy metal pollution; however, some categories, like the remains of manufacturing facilities and mines, could undoubtedly be combined within a larger industrial section. Therefore, even though they are part of a larger whole, we do want to emphasize that we have tried to address each issue in a specific way.
3.1 Simulation-based approach towards treatment of emerging contaminants
3.1.1 Heavy metal analysis based on chemometrics
In order to obtain reliable results on the presence of HMs in soil and food, research in these areas requires not only cutting-edge analytical techniques with high levels of sensitivity, specificity, and accuracy but also sophisticated statistical techniques that give an overall picture of the problem at hand. For some matrices of complex data, multivariate statistical techniques are the best tool for viewing and analysis. We can infer how specific variables (metal concentration, other soil or plant parameters) that characterize objects (soil, plants) determine their association by using Principal Component Analysis (PCA) and cluster analysis (CA), two unsupervised methods. The PCA method estimates the correlation structure of the variables by identifying hypothetical new variables (principal components, PC) that account for as much as possible of the variance (or correlation) in a multidimensional data set if the CA method is used for sample grouping the original variables.
The original variables have been linearly combined to create these new variables (Nayik and Nanda, 2016). With the aid of this technique, we can group samples (soil or vegetable species) and variables (such as heavy metal concentrations or even other soil or plant parameters) based on loadings and scores. The chemometric technique PCA was used to comprehend the intricate relationship between soil or plant samples and the contents of heavy metals. It is founded on the covariance or correlation matrix’s eigen analysis. Each variable has a loading that indicates how well the model components are taking that variable into account. They serve to interpret the relationship between the variables by demonstrating how significantly each variable contributes to the meaningful variation (or correlation) in the data.
The size of a variable’s residual variance in a PC model serves as an indicator for that variable’s significance. This is helpful for the variable selection process because it allows the removal of a variable with very little explained variance without making further adjustments to the PC model. The rule for multiple regressions that the number of variables must be less than the number of objects does not apply in PCA cases, so there is no restriction on the number of variables. PCA can be used to reduce the data set to only two variables in order to simplify plotting (the first two components).
Chemometrics has developed into a crucial tool for sample classification and pollution source identification through the use of various environmental techniques. The application can reveal intricate relationships in the field of environmental science and lower the sample collection and analysis costs (Chuan et al., 2022). In order to further clarify the source of metals, the raw data for sediment particle size, percentage of total organic carbon, and metal concentration were computed using principal component analysis. A method for reducing the multivariate problem dimensions is Principal Component Analysis (PCA) (Iwamori et al., 2017). By removing the data dimensions, this analysis defines the correlation of the variable’s principal components (PCs), which is very similar to the correlation or regression analysis method. Due to its significant reduction in the number of variables and ability to identify structure in the relationships between various variables, PCA is frequently used by researchers in a variety of fields. The following equation can be used to generate the PCs for variables:
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Analytical chemistry uses chemometric approaches frequently, particularly in environmental studies, demonstrating the effectiveness of data processing methods in this area. The main areas of interest in chemometric approaches are modelling, quantitative chemical analysis, prediction of toxicological effects, and environmental quality assessment monitoring (Otto, 2016; Teniou et al., 2021). Chemometric techniques are widely used in environmental monitoring because they make it possible to identify and describe how different environmental factors interact. They also make clear how these factors might affect the environment (Chapman et al., 2020).
To gain a deeper understanding of trace metal patterns, a chemometric approach was often applied. Both inductively coupled plasma atomic emission spectrometry and flame atomic absorption and emission spectrometry were used to examine the concentrations of Cu, Zn, Mn, Fe, K, Ca, Mg, Al, Ba, and B in 26 herbal drugs. A PCA was then used to emphasize the connection between the elements. Four important factors were found, and some of them were attributed to important influencing sources and the high mobility of some elements, which also alluded to possible anthropogenic contamination. Chemometric techniques come in a variety of forms, including cluster analysis (CA), principal component analysis (PCA), linear discriminant analysis (LDA), partial least squares regression (PLSR), random forest (RF), etc. These methods are classified as either supervised or unsupervised (Teniou et al., 2021).
To rapidly categorize freshwater bacteria that have been exposed to heavy metals, chemometric approaches are also used. Chemometric analysis was used by Sajdak and Pieszko (2012) to determine the concentration of heavy metals like Cd, Cu, Fe, Mn, Ni, Pb, and Zn. The relationship between element quantity, matrix type, and sampling location has been identified based on the concentration assessment, and it has been confirmed and described that definite element group co-existence exists. Kurniawan et al., 2022 reported biosorption of heavy metals from aqueous solutions using Aeromasss hydrophyla, and Branhamella spp. based on modelling with GEOCHEM.
3.1.2 Environmental monitoring based on artificial neural networks (ANNs)
A neuron is a type of cell that uses biochemical processes to receive, manage, process, and transmit information. More than 10 billion interconnected neurons make up the human brain’s network (Teniou et al., 2021). Artificial neural networks (ANNs) were first developed as computational models of the nervous system. Neural networks were created as a result of McCulloh and Pitts’ initial use of simplified neurons (Teniou et al., 2021). ANNs are computer programs with biological influences that try to imitate how the human brain processes information. According to Hassani et al. (2016), they are viewed as a potential modelling technique, particularly for data sets with complex non-linear relationships between dependent and independent variables.
In contrast to other techniques that perform specific tasks through simple computer implementation (Zurada, 1992), ANNs are trained through the use of experience-based knowledge as inputs. Following training, new patterns can be applied directly to specific tasks like prediction and classification without the need for programming. Although a single neuron is capable of carrying out basic information processing, the main benefit of ANNs, which makes them a potent computational tool, is the ability to connect neurons in a network. ANNs are easily able to recognize a wide range of input patterns due to the billion connections between neurons (Zurada, 1992).
ANN systems enable high-quality, quick, and high-capacity detection, claim Ferentinos et al. (2012). They have also been used as a potential technique for tracking and rating environmental pollution (Ferentinos et al., 2012). A single layer of an ANN can result in a simple neural network, while multiple layers can result in a multilayer neural network (MNN). The multilayer neural network is primarily used for more complex processes, while the simple neural network is particularly well-suited for straightforward issues (Figure 1).
[image: Figure 1]FIGURE 1 | Representation of multi-layered Artificial Neural Network.
According to the following expression, the mean square error (MSE) as a percentage between the predicted and measured values was used to assess the neural network prediction performance:
[image: image]
Environmental monitoring is very difficult when it comes to heavy metal biosensing. Environmental monitoring is greatly hampered by the difficulty of heavy metal biosensing. The classification of soil, pollutant infiltration properties, organic content and macronutrient measurements, and soil contamination prediction have all been studied using ANNs (El Tabach et al., 2007; Wilson et al., 2015; Emamgholizadeh et al., 2017; De Souza et al., 2020; Teniou et al., 2021). Anagu et al., 2009 developed a sorption model for estimating heavy metal sorption from fundamental soil properties and assessing the dangers associated with their appearance. Nine heavy metals have been studied in this work: Cd, Cr, Cu, Mo, Ni, Pb, Sb, and Tl (Table 1).
TABLE 1 | Summary of various simulation-based methods used for the removal of heavy metals.
[image: Table 1]The ANN models performed well, with modelling efficiency (EF) ranging from 0.79 (Cr) to 0.94 and a root mean square error (RMS) of 0.04 g/kg (Cd) to 0.1 g/kg (Cr) (Cd, Zn). Electrochemical biosensing platforms that use different types of electrodes have also been combined with ANNs for HM detection in the environment. For instance, a polyvinyl chloride (PVC) membrane-based electronic tongue approach has been used in the quick and easy on-site monitoring of a number of heavy metals (Mimendia et al., 2010a; Mimendia et al., 2010b). In this case, an artificial tongue (ANNs) combined with a membrane-selective electrode has been used to resolve a mixture of three heavy metals (Pb2+, Cd2+, and Cu2+). For the three targets, a limit of detection of ∼1 mg/L was attained with good reproducibility.
Furthermore, the correlation for the three ions exceeded 0.975 and was significant. Finally, when used on contaminated soil sample analysis, this system demonstrated good prediction capability. Even though the results are intriguing, this strategy is only modified for three HMs. As a result, another team used the same potentiometric e-tongue and PVC membranes using ANNs to investigate the simultaneous detection of a mixture of four HMs. With low root mean squared error values of 1 mmol/L, the method was successfully used to quantify low levels of Cu2+, Pb2+, Zn2+, and Cd2+ ions from quaternary mixtures in rivers, open-air waste streams, and soil. Talib et al., 2019 reported the Cr removal efficiency of Acinetobacter radioresistens and the application of Artificial Neural Networks (ANNs) and Response Surface Methodology (RSM) for modelling the optimization of Cr (VI) removal from agricultural soil. Altowayti et al., 2020 reported the potential of mixed dried biomass of three bacterial strains Bacillus thuringiensis strain WS3, Pseudomonas stutzeri strain WS9 and Micrococcus yunnanensis strain WS11 in the removal of As (V) and As(III) and optimization of process parameters using ANN model. Artificial neural networks (ANN) were conducted by Elsayed et al., 2022 for modelling the biosorption of Co(II) by Pseudomonas alcaliphilaNEWG-2.
Other electrodes besides PVC membranes were used in ANN-based sensing. The simultaneous detection of EP mixtures in the environment at the ultra-trace level appears to have been successfully accomplished using electrochemical biosensing technologies based on ANNs. Additionally, these systems offer a number of benefits like high specificity, quick response times, portability, ease of use, and low cost, making them trustworthy EP monitoring devices (Hernandez-Vargas et al., 2018; Honeychurch and Piano, 2018).
3.1.3 Heavy metal removal from industrial wastewater using a response surface methodological approach
Numerous conventional methods, including chemical precipitation, electrochemical treatment, electrodialysis, ion exchange, membrane filtration, reverse osmosis, and adsorption, have been used to remove heavy metal ions from wastewater. The adsorption method is superior to the others due to its flexibility in design, ease of operation, and ease of handling. It is also thought to be more efficient and cost-effective (EPA, 1990; Ince and Ince, 2019). However, the majority of these methods have high operational costs for the treatment process as well as high capital costs.
Since the adsorption process’ dynamic characteristics are intricate, ideal working conditions are necessary to achieve the highest level of pollution removal effectiveness. To achieve the best obtained response level, which is the value of the design parameters, process optimization is essential. One of the most popular techniques is the response surface methodology (RSM), which develops, enhances, and optimizes processes, particularly when there are complex interactions present. It is employed to identify the optimum points of independent variables that function optimally and to assess how these variables interact (Wantala et al., 2012).
The fact that fewer experimental trials are needed to interpret multiple parameters is its biggest benefit. Because of this, the RSM optimization process consists of three main steps: 1) choosing an appropriate experimental design; 2) estimating the model coefficients using analysis of variance (ANOVA); and 3) validating the final model based on experimental runs and predictions (Myers et al., 2009; Ince and Ince, 2019). The ability to track and interpret interactions between variables as well as describe the overall impact of the parameters on the process makes this experimental design method for an adsorption process more useful than alternative methods.
The relationship between the response surface and the independent variables is typically unknown in RSM analyses (Suliman et al., 2017). As a result, one of the initial steps in RSM involves locating an appropriate approximation for the true and efficient relationship that exists between the response variable and a set of independent variables. The central composite design is the response surface design that many researchers favour over other designs. The response surface designs result in a good fit of the model to the data, give enough details to test for a lack of fit, and provide an estimate of the error due to pure experimentation. The experiment can be carried out in segments thanks to the design, which reduces costs.
The effects of the control variables on the relevant outcome variable are also described using linear, quadratic, or polynomial functions. Utilizing particular measures and independent variables supplied by the user, certain computer packages, including R, Design-Expert, and JMP, are available and offer optimal designs (Montgomery, 2017; Suliman et al., 2017). Regarding the number of design points and blocks as well as the experimental runs selected, each design is distinct. The model is established during data collection, and the model’s coefficients are hypothesized.
The RSM has been implemented effectively, and its most significant uses have been in industrial research (Prabhakaran et al., 2010). According to Jain et al. (2011), there have been numerous studies, and various adsorbents have yielded different results. Using chemically treated Helianthus annuus flowers, they investigated the removal of Cr (VI) from aqueous solutions by using the Box-Behnken model and a combined RSM approach. Esmaeili and Khoshnevisan (2016) used an alginate-coated chitosan nanoparticle to remove heavy metals from industrial effluents (Esmaeili and Khoshnevisan, 2016). An RSM approach was taken in order to carry out the optimization of the process of using biomass for the removal of heavy metals from synthetic and industrial effluents that contained nickel (Table 1).
With an RSM-based Box-Behnken experimental strategy, Ighalo and Eletta (2020) optimized the loading of Zn (II) and Pb (II) onto the scales of Micropogonias undulatus. The operating factors (Ni (II) initial concentration, adsorbent dose, and solution pH) affecting Ni (II) removal by dried Bacillus cereus were analyzed using the RSM based on CCD (Zhang et al., 2016). In order to optimize the biosorption process for the removal of Zn (II), Ni (II), and Cr (VI) ions by immobilized bacterial biomass sp. Bacillus brevis, Kumar et al. (2009) used the response surface methodology approach. Afraz et al., 2021, reported the potential of Lactobacillus acidophilus for biosorption of Pb2+ and Cd2+ and the design of experiment RSM was interpreted to acquire the optimum condition for the independent operational factors affecting the process. A statistical design of experiments was used by Banerjee et al. (2016a) to optimize the As (v) biosorption by immobilized bacterial biomass. Ibrahim et al., 2022 studied the biosorption of heavy metals by Alcaligenes faecalis strain isolated from soil based on optimization and simulation of process parameters using RSM. Afolabi et al., 2021 applied response surface methodology for the removal of heavy metals using biosorbent. Their investigation contributed to the search for environment-friendly and sustainable explanations towards heavy metal-contaminated (Cu2+ and Pb2+) water bodies. The bacterial mechanism of biosorption is shown in Figure 2. The application of different simulation based approach towards removal of emerging contaminants with special reference to heavy metals has been shown in Figure 3.
[image: Figure 2]FIGURE 2 | Bacterial mechanism of metal uptake.
[image: Figure 3]FIGURE 3 | Illustration showing the application of ANN, RSM and PCA in the removal of emerging contaminants (heavy metals) from wastewater.
Plackett-Burman and Response Surface Methodological Approaches were used by Reddy et al. (2008) to optimize alkaline protease production using batch cultures of Bacillus sp. RKY3. Using a statistical design of experiments based on RSM and BBD, Banerjee et al. (2016b) optimized the maximum arsenate reductase production by Kocuria palustris (RJB-6) and immobilization parameters in polymer beads. Using RSM modelling, Djinni and Djoudi, 2022 showed enhanced Cu (II) removal by Streptomyces sp. WR1L1S8, a powerful endophytic marine strain.
In addition to allowing for the effective estimation of the linear and quadratic terms of the model, Box and Behnken (Box and Behnken, 1960) proposed a method for choosing design points from the three-level factorial arrangement. Because of the large number of factors, the designs are essentially more effective and economical than their corresponding 3K designs. The BBD for three-factor optimization with 13 experimental points is also shown. The analysis of variance (ANOVA) is used to analyze the outcomes of the experimental trial runs, and the second-order polynomial model (Eq. 1) is used to fit the observations:
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Where Y is the anticipated response, or the biomass’s ability to absorb pollutants, b0 is the constant coefficient, bi is the ith linear coefficient of input factor xi, bii is the ith quadratic coefficient of input factor xii, and bij is the various interaction coefficient between input factors xi and xj. Fisher’s F-test for the analysis of variance (ANOVA) is used to determine the interactions between the process variables and response in order to assess the statistical appropriateness and significance of the model. The second order polynomial model equation’s quality of fit is shown by the correlation coefficient (R2) and adjusted R2. The three-dimensional contour plots are used to illustrate the relationship between the experimental levels of each parameter and the resultant response from the model (Banerjee et al., 2016b).
According to Ghoniem et al., 2020, the Box-Behnken design matrix controlled the interactions between the independent operational factors of initial concentration of Cu2+, initial culture pH, and incubation times in the culture medium growth to achieve the highest copper removal percentage by Azotobacter nigricans NEWG-1. The data show variations in the percentage of Cu2+ removed, which ranged from 12.12% to 80.56%. These variations suggested that the optimization process was crucial for maximizing A. nigricans NEWG-1’s ability to remove copper. The data also demonstrate the greatest removal of Cu2+ (80.56%).
4 CONCLUSION AND FUTURE PERSPECTIVE
Heavy metals, drugs, biotoxins, and pesticides are examples of environmental pollutants that are extremely dangerous for all different aspects of being an organism, which would include health, food, energy, etc. Traditional monitoring methods for these contaminants are constrained by their poor effectiveness, high cost, and time-intensive nature. In order to model environmental monitoring, this paper reviewed the key applications and recent developments in sensing strategies incorporating artificial intelligence. AI biosensors are thought to be an effective analytical tool for quickly and accurately identifying one or more pollutants in challenging samples.
For in situ operations and analytical performance, there are a few cutting-edge artificial intelligence for environmental monitoring based on chemometrics, multivariate process optimization based on artificial neural networks (ANN), and response surface methodology (RSM). Therefore, creating more sophisticated and sensitive AI tools to find pollutants presents a new challenge. And finally, AI biosensing will offer a fresh foundation for upcoming innovation. Additionally, significant work is needed to design dependable and durable tools that will improve pollutant detection.
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