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Abstract
The questionable concerns of water scarcity worldwide, coupled with the inefficacy of the current 
technologies used in wastewater treatment and the variance in the emerging influent contamination, 
highlights the urgency for innovative remediation techniques. The metamorphosis of wastewater systems 
and the combination of biological processes with artificial intelligence (AI) have rapidly developed into 
a potent framework for wastewater treatment in the future. This paper highlights the convergence of 
microbial consortia, tailored enzymatic platforms, and phycoremediation with AI-driven optimization to 
provide adaptive, high-performance pollutant removal techniques critically synthesizing advancements 
reported in recent years. According to recent studies, in this type of coupling system, the efficiency 
achieved reported 75%-95% reduction the chemical and biological oxygen demand (COD, BOD), addition 
to the elimination of antibiotics. Complementarily, through symbiotic interaction of algae and bacteria, 
optimized microalgal platforms achieve nutrient recovery of over 90% for total nitrogen and phosphorus. 
The revolution can be foreseen with the introduction of AI, such as real time effluent forecasting, deep 
learning guided process control enables dynamic operational optimization, resulting in energy savings 
of 35%-62% in aeration and pumping and a 40% reduction in operating expenses. Through unavoidable 
persistent challenges such as microbial community volatility, information shortage, and biosafety 
concerns related to changes in the strains, emerging hybrid AI-based biological treatment systems 
present previously unheard-of opportunities for system autonomy, robustness, and circular resource 
recovery. This paper outlines a route toward scalable, intelligent, and climate-resilient wastewater 
infrastructure by placing AI as both an analytical engine and an operational catalyst, transforming 
smart bioremediation from a promising idea to a key component of sustainable water management.
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INTRODUCTION

	 Wastewater treatment is at the core 
of environmental sustainability efforts, which 
are necessary because of the growing demand 
for clean water caused by rapid urbanization, 
industrialization, and population growth. In 
a move towards biologically fueled strategies 
co u p l e d  w i t h  a d va n c e d  te c h n o l o g i e s , 
conventional physicochemical methods that 
are generally effective in some cases but often 
have inefficiencies, lack cost-effectiveness, and 
environmentally friendly features have been 
phased out (Table 1).1 This article reviews the 
integration of artificial intelligence (AI) with 
microbial, enzymatic, and phycoremediation, 
collectively termed as ''smart bioremediation'', 
for wastewater purification enhancement (Figure 
1). By exploiting AI’s predictive and adaptive 
features of AI, these biotic systems can achieve 
high levels of pollutant removal, resource recovery, 
and operational resilience.2 The increasing global 
challenge of wastewater pollution has dramatically 
worsened in recent decades, posing a serious 
threat to ecosystems. The varying reports and 
case studies predicted around 2030, there will 
be a 40% deficit in available clean drinking water. 
Untreated wastewater is the main contributor to 
water scarcity, as it is forecasted that by 2030, 
there will be a 40% deficit in sustainable water 
supply, affecting more than 4 billion people. The 
essential data that indicates the severity of the 
problem are as follows: approximately 2.2 billion 
people live without safely managed drinking 
water, and 4.5 billion are deprived of even basic 
sanitation, leading to a wide range of diseases and 
impoverishment of biodiversity.3 Among the places 
with significant water stress, more than 75% in 
some areas, the situation is worsened by droughts 
caused by climate change and the expansion of 
industrial activities. The consequences include 
the eutrophication of water bodies, which 
occurs when excess nutrients, such as nitrogen 
and phosphorus, lead to algal blooms, oxygen 
depletion, and the emergence of dead zones. The 
economic impact of such pollution amounts to 
trillions each year; thus, the affected costs would 
be healthcare, productivity losses, and ecosystem 
services degradation. Traditional treatment 
facilities have been encountering a variety of 

problems, especially in developing countries 
where only 10%-20% of wastewater is adequately 
treated.4 The urgent call for inventive solutions is 
quite obvious, as persistent pollutants accumulate 
in food chains, thus threatening environmental 
integrity in the long run. Microbial and algal 
systems are the main biological mechanisms by 
which wastewater can be purified using natural 
metabolic processes to degrade and convert 
pollutants into harmless products. Microorganisms 
such as bacteria, fungi, and archaea are the main 
agents in bioremediation, as they use enzymes 
to break down organics, resulting in lower 
chemical oxygen demand (COD) and biological 
oxygen demand (BOD).5 For instance, bacterial 
populations in an activated sludge system are 
capable of removing up to 90% of the organic 
matter through oxygen-consuming as well as non-
oxygen-consuming processes. On the other hand, 
algal systems, particularly phycoremediation, 
exploit the photosynthesis of microalgae to 
absorb nitrogen (with removal rates up to 99%) 
and phosphorus (up to 99%) while at the same 
time generating biomass that can be used as a 
renewable product.6 The symbiotic algae-bacteria 
consortia become more efficient as bacteria 
provide CO2, nutrients, and algae oxygen; thus, 
the removal of antibiotics and other resistant 
pollutants reaches 93%. These technologies 
ensure sustainability by reducing chemical use 
and enabling the recovery of bioenergy from algal 
lipids, among other resources. However, challenges 
such as variations in pollutant concentrations and 
microbial competition still exist and therefore 
need to be thoroughly optimized. Although these 
biological systems can efficiently remove nutrients, 
they must be combined with advanced controls 
to deal with complicated waste streams, thus 
functioning as a strong and versatile platform 
for next-generation treatment systems.7 The use 
of artificial intelligence (AI) in environmental 
biotechnology is a major change that has opened 
the door to data-driven insights and process 
automation in areas that have been empirically 
investigated. The uptake of AI technologies, such 
as machine learning and deep learning, has been 
significant since 2020, leading to a wide range of 
advancements in areas such as drug discovery, 
genomics, and bioremediation. In the case of the 
environment, AI infers the best microbial activities 
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by predicting enzyme-substrate binding and 
pollutant degradation pathways, thus reducing 
the trial-and-error time in strain engineering. For 
instance, machine learning models are always 
on the lookout for changes in the environment; 
thus, by updating the bioremediation process 
in real-time, they are able to raise both crop 
yield and bioremediation efficiency by up to 
30%.8 This growth is due to the improvement of 
computational power along with big data, which 
enables AI to mimic complex biological systems 
and solve climate issues through bioenergy and 
waste management strategies. However, it is 
very important to understand that before AI can 
be a solution to sustainability problems, we still 
need to deal with issues such as data bias and 
ethical deployment to ensure that everyone will 
benefit from it equally.9 Convergence sets AI 
as a crucial element linking biotechnology with 
targeted environmental management. Smart 
bioremediation refers to the use of AI combined 
with biological systems to improve wastewater 
treatment, thereby solving the problems of 
traditional methods that cannot remove pollutants 
in an adaptive and efficient manner. The research 
highlights such attributes as real-time monitoring, 
prediction modelling, and the exploitation of 
microbial and algal processes, which can lead 
not only to a 40% reduction in energy costs but 
also to higher contaminant degradation rates. 
This is due to growing pollution and stricter 
regulations, as traditional methods are unable 
to deal with new contaminants, while advanced 
analytics are solving this problem by processing 
large datasets to find the most suitable solutions. 
Innovative solutions may be in hybrid systems, 
such as AI-powered microbial consortia and 
digital twins that replicate bioreactors for testing 
different scenarios, thus providing unprecedented 
scalability and accuracy.10 However, it is important 
to understand that intelligent bioremediation still 
needs to overcome problems related to the lack 
of data and integration before it can unleash its 
power in the global wastewater management 
sector.
	 The main goals of this review are to 
elaborate on the principles and state-of-the-art 
of microbial, enzymatic, and phytoremediation; 
examine the role of AI in the improvement of 
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these methods; and finally, identify the challenges, 
ethical issues, and next steps of intelligent.
	 Microbial Bioremediation: Core Principles, 
Ecological Dynamics, and Technological Progress
Microbe-based bioremediation typically uses 
metabolically diverse microorganisms to degrade 
pollution-causing elements in wastewater. 
Thus, this method is a cost-effective and eco-
friendly alternative. Its effectiveness has largely 
improved through recent developments in 
omics technologies and consortia engineering, 
although issues pertaining to its upscaling are 
still present.21,22 Wastewater habitats host diverse 
microbial communities that are influenced by 
physicochemical factors such as pH, oxygen level, 
and nutrient availability.23 Bacterial diversity is 
reduced in the case of bioreactors, with major 
phyla such as Proteobacteria and Bacteroidetes 
being the main players in the degradation 
processes. The core microbiomes in treatment 
plants are dependent on the geographical location 
and type of wastewater.24,25 Community assembly 
is mostly governed by deterministic factors, 
as the composition of the influent is the main 
determinant of community structure. This implies 
that bioaugmentation should be customized to 
increase resistance to changes. However, the 
discharge of industrial wastewater may result 
in increased species diversity owing to inflow 

from larger catchments, which not only brings 
new degraders but also threatens the stability of 
the community.26 There is a strong relationship 
between high diversity and functional redundancy, 
as well as robustness; nonetheless, heavy reliance 
on core taxa could limit the ability of organisms 
to adapt to new pollutants. The current scenario 
calls for comprehensive ecological modelling that 
would allow for the prediction of changes under 
climate change scenarios.27 In addition, differences 
in sewer systems impact the microbiomes of 
downstream wastewater treatment plants; hence, 
the importance of monitoring upstream to reduce 
biosafety risks.28

Mechanistic basis of microbial pollutant 
degradation
Metabolic and biochemical routes driving 
microbial degradation
	 Pollutant degradation is a biological 
process that involves the use of contaminants as 
a source of carbon or energy by microorganisms 
through a series of complex biochemical 
pathways.29 For example, hydrocarbon aerobic 
pathways involve the use of oxygenases to open the 
ring structure, and the movement of metabolites 
is under the control of catabolic operons.30 By 
performing flux analysis, one can identify the 
limits in the buildup of intermediates, which 

Figure 1. Conceptual Framework of Smart Bioremediation
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Table 2. Key Enzymes and Their Catalytic Efficiencies in Wastewater Bioremediation

No.	 Enzyme Class	 Target Pollutant	 Optimum  	 Efficiency 	 Stability Issues	 Ref.
				   pH/Temp.	 (%)

1.	 Oxidoreductases	 Phenolic compounds, 	 4.5-7.5/ 	 87.6	 Sensitive to pH extremes, 	 62-65
	 (laccase, peroxidase)	 dyes, pharmaceuticals	 30-60 °C	 (meta)	 inhibition by metals
2.	 Hydrolases	 Fats, oils, 	 6-8/	 70-85	 Reduced to <60% in high	 51, 65, 
	 (lipases, proteases)	 proteins	 30-50 °C		  salinity	 66
3.	 Dehalogenases	 Halogenated	 6-9/ 	 80-95	 Narrow substrate range	 65, 67, 
			  compounds	 25-40 °C	 (POPs)		  68
4.	 Cytochrome P450	 Xenobiotics, PAHs	 7-8/ 	 80-95	 Low stability without	 65, 69-71
				   25-37 °C		  cofactors

can then be relieved by metabolic engineering 
to increase throughput.31 One of the factors 
that can greatly lower the yield of biomass and 
efficiency is carbon partitioning, for example, in 
the form of disproportionate CO2 efflux, and such 
a situation has been demonstrated in bacterial 
reactions to substrate overloads.32 Current visual 
programming tools for flux analysis enable efficient 
mapping of core metabolic routes; however, they 
are limited in handling dynamic environments 
and therefore need support from integrated 
multiomics approaches to effectively capture real-
time flux variations. The exchange of metabolites 
between species in complex consortia adds layers 
of complexity to flux predictions; if these factors 
are not integrated into the models, it could lead 
to less efficient degradation.33

Enzyme-driven biotransformation and induction 
mechanisms
	 In enzyme induction, cells that are 
instrumentally exposed to pollutants take up 
genes and activate genes that code for enzymes 
that destroy pollutants, such as dehydrogenases. 
Biotransformation pathways enlarge the metal 
ion methylation mechanisms that convert heavy 
metals into more volatile species for the removal 
to be done simply.34 It should be noted that 
partial biotransformation may lead to the release 
of toxic byproducts, thus calling for pathway 
optimization. To that end, by the way, these 
proteins include cytochrome P450 enzymes and 
peroxidases which are the principal enzymes 
in oxidation reactions.35 Therefore, when these 
enzymes are induced by xenobiotics, they can 
change the toxicity of the co-contaminants thus 
giving rise to a great risk of mixed waste streams. 

Fungal enzymes, such as laccases, are very 
effective for the bioremediation of recalcitrant 
compounds, but various environmental factors 
may delay their induction, thereby limiting their 
feasible release in the natural environment.36 
Advanced biotransformation approaches have 
recognized that enzyme immobilization can 
stabilize pathways; however, scaling remains a 
major.

Functional roles of bacteria, fungi, and 
actinomycetes in wastewater biodegradation
	 The contribution of bacteria, fungi, and 
actinomycetes in the process of Biodegradation: 
Bacteria are the main players in the biodegradation 
process, with one of the bacterial genus 
Pseudomonas being cited for its capability to break 
down hydrocarbons via various metabolic pathways 
and thus achieve, quite often, removal rates of 
approximately 90% under highly controlled and 
optimized conditions.37 Fungi source their ability 
to use extracellular enzymes, where laccases and 
peroxidases are enzymes that specifically attack 
innate organic pollutants such as PAHs and dyes.38 
However, the application of fungi in wastewater 
treatment is limited because of their lower growth 
rate than that of bacteria. Actinomycetes, such 
as Streptomyces and Rhodococcus, have been 
identified as major sources of degradation of 
complex organic materials and xenobiotics, even 
under harsh environmental conditions. Their 
ability to release biosurfactants that enhance 
bioavailability is of great importance.39 While 
bacteria are a means of quick degradation, fungi 
and actinomycetes provide more methods for 
dealing with non-degradable materials. However, 
the relationships among these domains could 
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cause antagonism, thereby reducing the total 
effectiveness. In composting and soil remediation, 
actinomycetes are largely involved in organic 
matter breakdown.40 Bioaugmentation is required 
to overcome the problems of oxygen availability to 
be efficient in aqueous wastewater systems. The 
employment of such groups through bacterial-
fungal consortia is advantageous; for example, 
it enhances resistance to heavy metals and 
pesticides, although genetic drift in actinomycetes 
raises concerns about biosafety for a longer period 
of use. Briefly, bacteria remain basic; however, the 
use of fungi and actinomycetes can overcome the 
gaps left in the removal of emerging pollutants if 
the ecological balances remains intact.41

Synergistic microbial consortia for enhanced 
biodegradation
	 Microbial consortia use synergistic 
interactions, allowing the metabolic capabilities 
of diverse species to be enhanced leading to 
better degradation of complex pollutants such as 
plastics and antibiotics. Bioaugmentation refers 
to the introduction of specialized consortia that 
enhance native communities thus leading to the 
improvement of nitrogen removal in high-salinity 
wastewater through the collaborative oxidation 
of ammonia.42 It is of great significance to be 
aware of the fact that consortia supply flexibility 
through metabolic versatility; however, the 
introduction of bioaugmentation may interrupt 
the indigenous microbiomes, which might be the 
reason why the long-term performance will be 
decreased. Consortia immobilized in bioreactors 
become more efficient in heavy metal reduction 
through biosorption and bioaccumulation, while 
simultaneously enhancing their tolerance.43 The 
design of artificial consortia requires careful 
consideration of interspecies interactions to 
avoid competition, especially in cases where 
dominant strains overshadow degraders. 
Consortia-based strategies have shown the 
capability of co-digestion systems in wastewater 
treatment; however, the extent of the work 
depends on the conditions required to maintain 
stable interactions amid changing conditions. 
Subsequent inquiries should focus on formulating 
collaborative endeavors directed towards certain 

pollutants while simultaneously ensuring a 
synergy-environment adaptability balance.

Omics-enabled insights for microbial pathway 
optimisation
	 Omics technologies enable an in-depth 
understanding of microbial reactions involved in 
bioremediation, which results in easier locating 
of the genes and pathways that enhance the 
breakdown of pollutants.44 Metagenomics reveals 
the structures of the communities and their 
potential to perform certain functions, while 
transcriptomics and proteomics determine the 
expression dynamics of the genes in response 
to contaminant stress. Metabolomics focuses on 
flux alterations, thus emphasizing the limitations 
within the degradation networks. The employment 
of several sets of omics data leads to unmasking 
of the detailed mechanisms, as in the case of 
hydrocarbon bioremediation, where genomics 
indicates the degraders and proteomics verifies 
the enzyme activity45 (Figure 2). Nevertheless, 
problems with data integration, such as 
sequencing bias and lower prediction accuracy. 
The application of omics in the ocean has led to 
a better understanding of xenobiotic breakdown, 
and at the same time it has been noted that 
there is a need to set up standards for various 
microbiomes in order to address this variation. 
The discovery of the soil microbial community 
through omics has great potential in the field of 
emerging contaminant removal. However, the 
main difficulty lies in connecting laboratory results 
with real environmental situations, which are 
constrained by the variability of environmental 
conditions. In short, omics methods are game 
changers; however, yet in order to use their 
full power, teamwork is required to solve the 
challenges of computation and ethics arising from 
data management.46

Enzymatic bioremediation: catalytic mechanisms, 
engineering strategies, and reactor innovations
	 Enzymatic bioremediation is a key 
catalytic method for wastewater purification. It 
involves the use of enzymes sourced from microbes 
as biocatalysts to facilitate the breakdown of 
stubbornly recalcitrant pollutants. Enzymatic 
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systems are more specific, produce less sludge, 
and allow for more targeted removal of pollutants 
than cellular microbial systems; however, they 
still face problems of stability and cost.47 This 
chapter provides a comprehensive coverage 
of the enzyme classes and their roles, protein 
engineering developments to enhance enzyme 
performance, different methods of immobilization 
such as nanobiocatalysts, and various reactor 
designs. In addition, it considers the articles’ 
data as a performance, limitation, and scaling-up 
benchmark. These figures indicate that enzymatic 
processes as having the capacity to affect pollutant 
degradation at different levels, from 60%-
100%, depending on the compound; however, 
such a broad spectrum indicates the need for 
optimal conditions and trustworthy experimental 
designs.48 Microbial enzymes are divided into 
different essential groups based on their catalytic 
mechanisms, and each group plays a specific 
functional role in the degradation of pollutants 
in wastewater matrices.49 Oxidoreductases, for 
instance, are enzymes like laccases and peroxidases 
that provide the primary support in facilitating 
electron transfer reactions that are most often the 
core of the degradation of phenolic compounds 
and aromatic hydrocarbons. By way of example, 
laccases feature the ability to oxidise substrates 
with oxygen molecules resulting in the elimination 
of up to 90% of dyes and pharmaceuticals under 
conditions of optimization.50 Hydrolases, such 
as lipases and proteases help by hydrolyze 
ester and peptide bonds, respectively, and 
they are of great important in the breakdown 
of fats and proteins in organic-rich effluents. 
The efficiency of lipid degradation in industrial 
wastewater has been reported to vary between 
70%-85%. Dehalogenases and dehydrogenases 
target halogenated compounds and alcohols. 
Cytochrome P450s are the ones that facilitate the 
monooxygenation of xenobiotics most of the time 
reaching the transformation rates of 80%-95% for 
persistent organic pollutants (POPs). meta-analysis 
of 15 studies conducted between 2020 and 2025 
revealed that the average efficiency of degradation 
for the enzyme classes was 82.3% ± 12.5% (mean ± 
SD) targeted at heavy metals and pharmaceuticals. 
What is more, the highest average efficiency of 
87.6% was exhibited by oxidoreductases, which is 
due to their wide substrate specificity. However, 

the variability (coefficient of variation, CV = 15.2%) 
at this point also reveals some limitations, such as 
the sensitivity to pH (optimum range is 4.5-7.5) and 
the inhibitory effects of co-contaminants, which 
in turn lead to a reduction in efficiency by 20%-
30% in complex matrices. It should be noted that 
Proteases and lipases, which demonstrate removal 
rates higher than 75% in municipal wastewater, 
have their effectiveness reduced to less than 60% 
in high-salinity industrial streams, thus pointing 
out the necessity of class-specific optimization. 
Meta-data regression analyses revealed a 
positive correlation (r² = 0.72) between enzyme 
concentration and degradation rate; however, 
the returns after 100 U/L diminished, indicating 
the economic limits of practical implementation.51 
Furthermore, nanozymes, which are artificial 
enzymes that perform the same function as natural 
enzymes, have shown that their efficacy in heavy 
metal remediation can be doubled; nonetheless, 
their long-term environmental effects also need 
to be addressed. In summary, these enzymes form 
an indispensable catalytic core for bioremediation. 
Nevertheless, the existence of statistical outliers 
(e.g., <50% efficiency in 15% of cases) points to 
the large impact of environmental factors; thus, 
multivariate modelling is required to predict 
functional outcomes.52

Advances in enzyme engineering for enhanced 
catalytic efficiency
	 Enzyme engineering features methods of 
protein modification, such as directed evolution, 
site-directed mutagenesis, and rational design, 
which aim to change protein structures to enhance 
catalytic activity, improve stability, and increase 
substrate affinity, particularly for bioremediation 
applications.53 Engineering of oxidoreductases like 
peroxidases, for peroxidases, has resulted in the 
enzyme being not only 2-5 times more thermally 
stable but also functional in the temperature range 
of 50-70 °C for over 80% of the activity after 10 
cycles. In addition, modifications in proteins, for 
instance, glycosylation and the incorporation of 
stabilizing domains, have increased laccase activity 
by a factor of 3.2 when phenolic pollutants were 
the target, and thus the degradation rate went up 
to 95% within 24 hrs in comparison to only 60% 
achieved with the native forms. A statistical study 
of 20 engineering research studies conducted 
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between 2021 and 2025 showed that, on average, 
the fold of the enzyme activity was increased 
by 2.8 ± 1.1 (mean ± SD).54 In addition, a strong 
correlation (r² = 0.81) was found between the 
mutation sites and the improvement in the redox 
potential. Although the coefficient of variation 
of 39.3% for the enhancement factors reveals 
that the factors are quite different, and that the 
trade-offs, such as decreased specificity (losses of 
10-25%) in broad-substrate designs, are frequently 
the cause of this variability. In connection with 
wastewater, the use of engineered enzymes has 
contributed to a 40-60% increase in the removal 
of pharmaceuticals. Nonetheless, ANOVA revealed 
significant differences (p < 0.05) between bacteria 
as the source of higher stability and fungi as the 
source of greater activity. Thus, this points to the 
possibility of the benefits of the hybrid approach.55 
What is more, it is vital to be aware that although 
directed evolution is capable of yielding strong 
variants, e.g. those with 4-fold pH tolerance, 
computational predictions usually overstate the 
enhancements by 15-20% thereby empirical 
confirmation still being very important. The 
Financial assessment shows that the engineering 
process can lead to a 30% decrease in the cost per 
unit of activity; however, there are problems in 
scaling up, as only a quarter of the field efficiencies 
are over 70% for lab-engineered enzymes.56 
Therefore, even though modifications facilitate 
bioremediation, the presence of statistical 
inconsistency underscores the necessity of 

invoking machine learning to achieve precise 
engineering and reduce off-target.

Immobilised enzymes and nanobiocatalysts: 
stability, performance, and reusability
	 The coupling of enzymes to objects 
such as nanoparticles not only facilitates their 
reusability, but also significantly prolongs their 
stability, thus making them bio-converted 
into nanobiocatalysts with high efficiency for 
wastewater. Several techniques like adsorption, 
covalent binding, and entrapment of nanomaterials 
(e.g., magnetic nanoparticles), have been reported 
to result in retention of 45%-100% of activity over 
several cycles. Inactivation of laccase on PEGDA 
microspheres was 60.4% of the free enzyme, 
and the phenol degradation efficiency reached 
100% after three cycles and dropped to 58% at 
the seventh cycle.57 A statistical meta-analysis of 
18 different studies undertaken from 2021-2025 
revealed average removal efficiencies of 82.7% ± 
14.2% for dyes and pharmaceuticals. To be specific, 
nano biocatalysts exhibit an improvement of 1.5 
times in stability over conventional immobilization 
methods, with coefficient of variation of 17.1%. 
The immobilized keratinase demonstrated as high 
as 85%-90% decolorization and 61-70% pollutant 
removal, thus proving its potential over a broad 
range of pH (3-10) and temperature (20-60 °C). On 
the contrary, t-test comparisons (P < 0.01) showed 
that in real wastewater, there was a significant 
decrease in activity (20%-40%) as compared to 

Figure 2. Mechanistic Pathways of Pollutant Degradation
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synthetic, which is due to matrix interferences. 
Nano biocatalysts are 10 times more stable than 
free enzymes; however, the recycling efficiency 
drops exponentially (R² = 0.89 for cycle versus 
activity), which limits the economic feasibility to 
5-7 cycles. It should also bear in mind that while 
green nanomaterials reduce the toxicity, their 
agglomeration leads to a decrease in the surface 
area by 15%-25%, thus affecting the kinetics and 
causing k_cat reductions of 10%-20%. In the case 
of pulp mill wastewater, the biocatalysts which 
are immobilized, have showed more than 80% 
COD reduction; however, the variability (SD = 18%) 
that has been observed indicates the necessity 
for standardized protocols. In summary, these 
systems support the environment; nevertheless, 
statistical modeling reveals that there are still ways 
to improve them using factor designs to overcome 
diffusion limitations.58 

Reactor configurations for optimised enzyme-
driven bioremediation
	 Design of Reactors for Enzyme-Driven 
Bioremediation: Reactor setups for enzymatic 
bioremediation, including stirred tanks, fixed-bed, 
and membrane bioreactors, result in efficient 
pollutant removal through improved mass transfer 
and enzyme retention (Table 2). Enzymatic 
membrane reactors (EMRs) synergistically 
perform catalysis and separation, leading to 
the almost complete removal (85%-95%) of 
emerging contaminants (ECs) in a continuous flow 
system.59 The Stirred tank reactors are capable 
of significantly increase the product formation, 
thus reaching a level of approximately 38% GOS 
on a carbohydrate basis. Nevertheless, they are 
negatively affected by shear stress, a situation in 
which enzyme activity gradually decrease by 20-
30% gradually over time. Fixed-bed reactors using 
immobilized enzymes are reported to be 80%-90% 
effective for phenol degradation.60 The flow rates 
were found to be positively correlated (r² = 0.76) 
with phenol removal, whereas they were inversely 
related to residence time. A study of 12 designs 
(2023-2025) discloses the mean efficiencies to be 
84.5% ± 11.3%, with the hybrid permeable reactive 
barriers reaching 95% phenol removal owing 
to the synergistic enzymatic-microbial action. 
ANOVA showed significant changes (P < 0.05) in 

the performance of batch systems with higher 
initial rates and continuous systems, which were 
characterized by better scalability. In addition, 
fouling is evidenced to results in flux reduction 
of 25%-40% in membrane designs. Enzyme 
kinetics-based models predict a biodegradation 
rate of 70%-85% for chlorinated compounds; 
however, the differences, as indicated by an 
RMSE of 15%, are due to unaccounted variability 
in gene expression. Advanced designs can double 
throughput; however, the accompanying energy 
costs (ranging from 0.5-2 kWh/m3) and the need 
for enzyme replenishment every 5-10 cycles make 
it difficult for them to be used widely. Moreover, 
cost-benefit analyses revealed that a return on 
investment is only possible at scales greater than 
100 m3 per day. The next adjustments should 
apply CFD simulations in order to diminish the 
dead zones, since at the moment, efficiency levels 
reach a plateau of 90% for complex pollutants, 
thus making it necessary to have interdisciplinary 
improvements for a practical.61

Phycoremediation:  microalgal  systems, 
mechanistic pathways, and resource recovery 
potential
	 Phycoremediation utilizes the metabolic 
capabilities of microalgae to address wastewater 
treatment, providing a sustainable and low-
energy option compared to traditional methods 
by combining pollutant removal with biomass 
production for resource recovery. Microalgae 
function as bio-factories, absorbing nutrients, 
capturing heavy metals, and breaking down 
organic contaminants via photosynthetic and 
heterotrophic processes, frequently attaining 
removal efficiencies surpassing 90% for significant 
pollutants when conditions are optimized.72 This 
section provides a thorough evaluation of the 
fundamental roles, mechanisms, collaborative 
improvements, system architecture, and value-
adding possibilities of microalgal systems. This 
chapter synthesizes scientific evidence through 
statistical analyses of recent studies (2020-2025) 
to evaluate performance variability, the factors 
affecting performance, and the challenges in 
scaling up.73 Meta-analyses indicated that mean 
nutrient removal rates were between 85%-95% for 
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a variety of effluents. Nevertheless, a coefficient of 
variation (CV) going as high as 25% indicates that 
species, wastewater composition, and operational 
parameters are the main factors influencing 
variation, thus pointing to the need for strong, 
site-specific optimization.74

Microalgae as biofactories for uptaking and 
transforming pollutants
	 Microalgae are biofactories that can 
be used for different purposes in wastewater 
treatment. The biggest advantage of their use 
is their high surface-to-volume ratios and rapid 
growth rate. Microalgae take up pollutants from the 
environment and convert them into less harmful 
compounds through a series of mechanisms, 
such as biosorption, bioaccumulation, and 
biodegradation. The microalgae species Chlorella 
vulgaris and Scenedesmus obliquus have the 
potential to assimilate nutrients and convert 
nitrogen and phosphorus into biomass; thus, they 
can also mitigate the problem of eutrophication, a 
consequence of nutrient over-fertilization.75 Meta-
analysis and statistical modeling of 15 experiments 
from 2020-2025 revealed that the average removal 
efficiencies for total nitrogen (TN) and total 
phosphorus (TP) were 90.5% ± 8.2% and 85.3% ± 
10.1%, respectively. The ranges for NH4

+-N and TP 
were 68%-100% and 48.1%-99.9%, respectively, 
and their variation was influenced by factors such 
as initial concentrations and light conditions.
	 Microalgae like Dictyosphaerium sp. and 
Tetradesmus obliquus, effectively remove up to 
94.7-100% of aluminium (Al³+ ) and cadmium (Cd²+) 
in their free-living states. Two-way ANOVA results 
(P < 0.0001) confirmed the significant effect of 
immobilized biomass over that of dried biomass, 
whereby the efficiency was found to have been 
increased by 10%-20%.75 Emerging contaminants, 
individually pharmaceuticals, show removal 
rates fluctuating between 18% and 100%, with 
a coefficient of variation of 45%, thus indicating 
the problem of the degradation of recalcitrant 
compounds. In addition, the conversion of 
pollutants into less toxic forms via enzymatic 
reduction is a feature of microalgae. Biomass 
productivity and uptake rates are positive (r² = 
0.78), as regression models suggest; however, they 
also point out that efficiency drops by 15%-30% at 
high pollutant concentrations (>500 mg/L COD), 

which indicates the necessity of pre-treatment.76

	 Principal component analysis (PCA) of 
the industrial wastewater studies accounted 
for 64.28% of the variance. This technique 
differentiates between living biomass, which 
achieves high nutrient and metal removal  
(80%-100%), and non-living forms, which are 
more effective for rapid adsorption. These bio-
factories not only act as agents for wastewater 
purification but also as producers of valuable 
biomass. Nonetheless, the existence of statistical 
outliers with efficiencies below 50% in 10% of the 
cases implies that pH, which is at its best between 
6 and 8, and temperature, ranging from 20-30 °C, 
are the factors with the most significant influence 
on the rate of transformation.77

Mechanisms of photosynthesis, metabolism and 
metal binding in microalgal systems
	 The pathways of photosynthesis, 
metabolism, and metal binding in microalgae 
are at the core of phycoremediation, which 
is effective for the least time required for the 
sequestration and transformation of pollutants.78 
These photosynthetic pathways are mainly 
responsible for the fixation of CO2 and production 
of O2, thus making the aerobic degradation of 
organic materials and nutrient absorption possible. 
The removal of both nitrogen and phosphorus by 
Chlorella sorokiniana was reported to be as high as 
98.7%-100%, which was the major reason that the 
extended Calvin cycle was more activated during 
the exposure to light of qualities between 100-200 
µmol/m²/s.78

	 Metabolic means, which involve the 
incorporation of NH4

+ and NO3
- into proteins 

and lipids as well, are credited with a total 
nitrogen removal of 89%-100% (CV = 12.5%) 
that was achieved by various microalgal species, 
including Scenedesmus spp.79 Yet, the change 
of NO3

– removal is very significant so that it 
can vary between 20.5% and 96.9%. This is due 
to differences in the induction mechanisms of 
reductase enzymes. Moreover, those metal-
binding pathways like biosorption by the help of 
cell wall polysaccharides and bioaccumulation 
via vacuoles, increase the heavy metal removal 
rate to a great extent i.e. 43%-100%. For sure, 
Planktochlorella nurekis is a very good example 
that can show 100% disappearance of Cr and 97% 
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disappearance of Co in pulp effluents.80 Meta-
study statistical analyses provided information on 
strong positive correlations (r² = 0.81) between 
surface charge density and metal-binding capacity; 
at the same time, pH-dependent inhibition 
resulted in a decrease in the efficiency by 20%-
40% when the pH was less than 5. In this respect, 
one might acknowledge that photosynthetic 
O2 supplies the concomitant degradation of 
bacteria; however, metabolic bottlenecks in 
high-TOC wastewater (over 1000 mg/L) bring 
about incomplete transformations. This is clearly 
illustrated by RMSE values ranging from 15%-20% 
in kinetic models predicting pollutant flux.
	 ANOVA comparisons (P < 0.05) showed 
that Tetradesmus obliquus is metal-binding 
more efficient than Dictyosphaerium sp. (100% 
vs. 89.8% for Cd²+ in immobilized forms), which 
can be attributed to its higher production of 
exopolysaccharides. Although the mechanisms 
reveal how microalgae can adjust themselves, 
numerous environmental stressors can still bring 
about genetic variability, which, under normal 
conditions without acclimation, may cause long-
term efficiencies to drop by 10%-15%.81

Algal–bacterial synergies for high-efficiency 
wastewater remediation
		  Microalgae-bacteria consortia 
are systems that combine the photosynthesis 
of algae with the heterotrophy of bacteria, thus 
improving the bioremediation process owing to 
the mutual exchanges of O2, CO2, and metabolites. 
The effect of these exchanges is that the removal 
of pollutants is often increased by 20%-50% as 
compared to monocultures.82 For example, in 
the case of industrial effluents, the consortium 
made up of Chlorella sp. and bacteria not only 
showed the ability to remove phenol completely 
(1200 mg/L) but also managed to achieve 98% 
hydrocarbon degradation with average COD 
reductions being between 75% and 92.8% (SD ± 
9.5%).
	 The Statistical data produced from 
ten consortium studies showed that the 
average nutrient removal rates for nitrogen and 
phosphorus were between 90% and 100%.83 The 
most significant point is that the combinations 
of Scenedesmus dimorphus and bacteria can go 

beyond 99% removal in one week, although an 
18% coefficient of variation suggests dependency 
on carbon to nitrogen ratios. The consortia of 
Nostoc commune and bacteria for heavy metal 
removal achieve 71-90% for Pb and 49-54% for 
Cd. T-tests (p < 0.01) demonstrated that synergies 
significantly elevated biosorption by 15-25%.
	 Moreover, while it is true that consortia 
can help to relieve algal inhibition in toxic 
wastewaters, it is equally true that any imbalance 
can lead to competition, which may result in a 
decrease in the efficiencies by 10-20% in high-
ammonia streams (>100 mg/L). The PCA analyses 
revealed that the interactions between species 
explain 40-60% of the variance, thus efficiently 
grouping the high-performance consortia that 
not only reach 80-100% removal but also showed 
balanced O2/CO2 fluxes. The regression models 
(r² = 0.72) indicated a link between bacterial 
diversity and the enhancement of metabolic 
pathways; nevertheless, the possible threat of 
pathogenicity in non-sterile environments calls for 
rigorous biosafety checks prior to any large-scale 
application.84 

D e s i g n  a r c h i t e c t u r e s :  o p e n  p o n d s , 
photobioreactors, and hybrid systems
	 Phycoremediation systems have been 
designed with a wide range of configurations 
to maximize features, such as cost, control, and 
efficiency. These setups include open ponds, 
closed photobioreactors (PBRs), and hybrid 
versions adapted to various types of wastewaters. 
Open ponds provide an inexpensive means of 
extending the scale of a project Cultures Nutrient 
removal rates of 75%-95% can be achieved.85 
Regrettably, contamination causes average 
efficiencies to drop to 70%-80% (SD ± 12%) with 
a coefficient of variation as high as 30% owing to 
evaporation and changes in light conditions.86

	 By helping to control the conditions, 
closed PBRs allow Chlorella vulgaris to achieve 
nitrogen and phosphorus removal of 98.7%-100%. 
However, the ANOVA results (P < 0.05) indicate 
that the biomass productivity in closed PBRs is 
1.5-2 times higher than that in open systems, 
while the electricity consumption increases the 
operational costs by 40%-60%. The hybrids have 
the advantages of both the methods resulting 
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in 85%-95% COD removal from pulp effluents. 
Statistical meta-analyses revealed that efficiencies 
averaged at 88.2% ± 7.4%, and there were positive 
correlations (r² = 0.85) between mixing rates and 
pollutant diffusion. Furthermore, hybrids overcome 
problems caused by the susceptibility of open 
ponds, such as a 20%-30% loss of efficiency due 
to predators. Contrary to contrast, the problems 
associated with the scaling are still present, as pilot 
research indicates that the performance reduces 
by 15%-25% in field conditions in comparison with 
that in laboratory settings, which is largely because 
the differences in hydraulic retention time that 
range from 5 to 15 days. Cost-benefit analyses 
revealed that open ponds are priced from $0.1 
to $0.5 per cubic meter of the treated volume, 
whereas PBRs range from $1-$2 per cubic meter. 
This reveals the role of hybrids in meeting the 
needs of the industry, where CFD modelling-driven 
statistical optimizations might facilitate uniformity 
enhancement and thereby variability diminution.87

Biomass valorisation and circular-economy 
opportunities from phycoremediation
	 Phycoremediation enables a circular 
economy system through resource recovery and 
the use of treated biomass for the production 
of biofertilizers, bioenergy, and bioproducts, 
thus increasing the cash flow of wastewater 
management. Algal biomass post-treatment 
generates biofertilizers that have a retention of 80-
90% of the nutrients. In particular, Scenedesmus 
quadricauda from dairy wastewater provides 92% 
nitrogen and 100% phosphorus to the soil, and 
through-field trials, the yield is reported to have 
been increased by 15%-25%.
	 Bioenergy generation via biodiesel or 
biogas leads to a lipid removal rate of 70%-82% 
in Chlorella zofingiensis;, thus the energy output 
varies from 20-30 MJ/kg biomass (CV = 22%) 
on average. The Heavy metal contamination in 
metal-rich effluents, however, is said to reduce 
the viability by 10%-20%. Bioproducts, such as 
pigments and proteins, obtained from Spirulina 
spp. have a price ranging from $10 to $50/kg, 
and the statistical data show the recovery rate 
after remediation to be between 68% and 82%. 
Recovery is a step towards sustainability, but it is 
worth noting (ANOVA (P < 0.05)) that in consortia, 

the yield is 10%-15% lower than in monocultures 
due to bacterial competition.
	 Moreover, economic models indicate 
that investment payoffs will only be possible at 
a scale of more than 10,000 m³/year. Regression 
analyses (r² = 0.76) demonstrated a negative 
relationship between pollutant load and product 
quality; thus, they put a great emphasized the 
need for downstream processing to remove toxins. 
Hence, phycoremediation is complicated but has 
considerable potential for use in integrated.

Artificial intelligence in bioremediation: predictive 
analytics, automation, and intelligent monitoring
	 The use of AI in bioremediation systems 
through the integration of artificial intelligence (AI) 
is a major step forward in wastewater treatment 
as it enables increased efficiency, flexibility, and 
precision in the management of complex biological 
processes.88 Such systems, when combined with 
AI and microbial, enzymatic, and algal processes, 
can adapt to environmental changes, utilize 
resources more efficiently, and forecast outcomes 
with higher accuracy. This chapter introduces 
the concepts of AI, machine learning (ML), and 
deep learning (DL) in the context of the biological 
treatment of wastewater. It describes their 
implementation in monitoring, modelling, and 
control and concludes with the respective case 
studies.89 In addition, it is worth mentioning that 
as AI is making great progress, the issues of model 
interpretability, data quality, and integration with 
existing infrastructure still linger. These problems, 
which call for collaborative remedies, must be 
addressed to unlock the full potential of AI in 
sustainable bioremediation.90

Introduction to artificial intelligence, machine 
learning, and deep learning in the context of 
biological wastewater treatment
	 Artificial intelligence is a collection of 
various technologies that imitate human cognitive 
functions, among which machine learning and 
deep learning are the most significant components 
in biological wastewater treatment.91 Machine-
learning algorithms scan large datasets to discover 
patterns and make predictions. Therefore, by 
analyzing variables such as pollutant levels and 
microbial behavior, they enable the optimization 
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of the treatment processes. Deep learning, 
a sophisticated machine learning technique 
that involves the use of neural networks, has a 
remarkable capability to handle unstructured 
data, such as sensor inputs and imaging.92 With 
this therefore, wastewater process models can be 
developed to automate functions, such as process 
prediction and soft sensing. AI-powered methods 
in bioremediation are a departure from traditional 
empirical techniques and a move towards data-
driven strategies that allow treatment parameters 
to be adjusted dynamically to enhance pollutant 
degradation. As an illustration, artificial intelligence 
could be a great ecological restoration partner by 
using bioinformatics to improve the selection 
of microbial consortia and the optimization of 
enzymatic pathways.88 It is very important to 
understand that although machine learning may 
offer strong features for predictive analytics 
in contaminated site remediation, reliance on 
high-quality training data may pose limitations 
in different wastewater scenarios.93 By analyzing 
the complex interactions in pharmaceutical 
wastewater treatment, deep learning can not only 
refine but also optimize operational conditions 
through the recognition of advanced patterns. 
These technologies signify a fundamental shift 
towards intelligent, autonomous systems; 
nevertheless, owing to their opacity, a certain 
amount of transparency is required to ensure 
their trustworthy application in environmental 
biotechnology. Advances in AI in this sector include 
hybrid models that employ machine learning 
along with conventional methods that facilitate 
breakthroughs in water quality management and 
green treatment practices.94 Nevertheless, it is just 
as important that ethical considerations such as 
algorithmic bias and environmental impact be the 
‘gatekeepers’ of the next developments’ pace, thus 
ensuring compliance with global sustainability.

AI-based monitoring and prediction models
	 Collaborative AI monitoring changes the 
way pollution is treated through bioremediation 
by tracking biological reactions with real-time 
data analytics and simultaneously anticipating 
them.88 Sensor data are the primary input for 
machine learning models that aim to predict 
microbial behavior. Consequently, these models 
revealed the best degradation rates achievable 

under wastewater conditions and the means 
of operation.95 Predictive modeling employs 
algorithmic language to indicate possible changes 
in microbial communities and forecasts certain 
species and their habitats that are most suitable 
for pollutant removal with the highest efficacy. In 
metal poisoning bioremediation, machine learning 
cannot be eliminated from the preparatory steps 
or mold creation. This will enable the prediction of 
potential microbe-metal interactions. Please note 
that although one can get a long way with these 
tools in understanding community structures and 
tracing the dissemination of antibiotic resistance 
genes, it is also correct that realtime variability 
challenges require better sensor integration.96

	 The use of AI in bioinformatics has 
been a major factor in microbial bioremediation 
knowledge, as it embraces the advancement 
of prediction capabilities; thus, treatment 
modifications can be performed immediately. 
For example, models predict how nanostructures 
can influence microbial setups, so the work 
in creating a xenobiotic degradation method 
can be reduced. AI-powered systems in the 
case of farming and fracking keep checking the 
engagement of microbes, thus achieving instant 
measures to ensure process stability.97 The 
microbial world’s intricacy demands models that 
consider interactions among different species 
and environmental factors, which in turn implies 
the use of hybrid AI methods to obtain greater 
prediction. Ultimately, these technological 
breakthroughs place AI at the core of the adaptive 
bioremediation strategy; however, continuous 
research effort is still necessary to address the 
issues of model generalization for different 
compositions of Gomez et al.98

Digital twins, smart biosensors, and automated 
bioreactor management
	 The concept of digital twins refers to the 
virtual models of physical bioremediation systems, 
which are complemented by real-time data from 
intelligent biosensors to simulate wastewater 
treatment processes and eventually optimize 
them. Such systems afford the opportunity to pilot 
the operation of bioreactors, thus providing a safe 
space for testing various scenarios and formulating 
strategies for control without interaction with 
actual systems. The integration of advanced 
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Table 3. AI Techniques in Biological Wastewater Treatment: Theoretical Capabilities and Current Achievements

No.	 AI Technique	 Core Theoretical Strength	 Demonstrated Real-World	 Ref.
			 
1	 Machine Learning	 Excellent at capturing non-linear	 Predictive accuracy R² ≥ 0.95 for COD, 	 103-105
	 (ANN, Random 	 relationships in large tabular	 BOD, NH₄⁺-N; reduces chemical dosing
	 Forest, SVM)	 datasets; interpretable feature 	 18%-32%
		  importance
2	 Deep Learning	 Superior handling of time-series	 Effluent forecasting RMSE < 1 mg/L; 	 106-108
	 (LSTM, CNN-LSTM, 	 and image data; automatic	 digital-twin accuracy > 99% in pilot-
	 Transformer)	 feature extraction from raw 	 scale algal PBRs
		  sensor streams
3	 Reinforcement	 Learns optimal control policies	 Energy savings 35%-62% in aeration and	 109-111
	 Learning (DQN, 	 in dynamic environments without	 pumping; stabilizes microbial consortia
	 PPO, GA-ANN 	 explicit supervision	 under shock loading
	 hybrids)

biosensors opens the way for the continuous 
recording of biological and chemical parameters, 
thus increasing the quality of data-informed 
decisions related to microbial and algal processes.99 
However, automated bioreactor controls exploit 
the AI capability to alter the parameters on a timely 
basis, thus ensuring that pollutant degradation 
is always carried out under optimal conditions, 
such as in membrane bioreactors (Table 3). 
One of the ways digital twins are most valuable 
in bioprocessing is by allowing automation 
strategies to be quickly put into effect; thus, they 
are in a position to modify wastewater networks 
according to changing demands.100 However, it 
is worth emphasizing that despite the fact that 
these apparatuses serve as key resources in the 
operation of smart factories, there are certain 
issues concerning sensor accuracy and model 
fidelity that can have adverse effects, particularly 
in complicated and volatile surroundings. The 
design framework of a digital twin relies on a set 
of cutting-edge sensors and imaging techniques 
aimed at enabling an autonomous control system 
for bioremediation processes through bioreactor 
platform replication.101 Such devices act as a 
connection to the future and past management 
of wastewater treatment systems by delivering 
information on the operation of co-digestion and 
innovative microbial strategies. However, the use 
of digital twins and biosensors raises the issue of 
security measures for cyberspace, as well as the 
requirement for data interoperability, so that they 

can be put into practice locally and widely with the 
same trustworthiness and effectiveness.102 This 
technique is a portal for intelligent self-regulated 
bioreactors; however, their efficiency depends on 
the resolution of technical challenges encountered 
in on-site situations.

Case studies of AI-based microbial filtration 
systems
	 Case studies provide examples of 
changes that are fundamental in nature brought 
about by AI by way of a complete change of 
microbial and algal treatment processes in 
which the same level of efficiency is achieved 
everywhere, comprising a multitude of wastewater 
scenarios. Case studies are examples of how AI has 
radically changed microbial and algal treatment 
processes by transforming them, resulting in the 
achievement of efficiencies across the board in 
various wastewater scenarios (Figure 3). A few 
examples of the algorithms used in municipal 
wastewater facilities include performing sensor 
data analysis to manage microbial activities, 
leading to improved nutrient removal through 
predictive adjustments.102 Moreover, algal systems 
are installed with a set of tools to gradually propel 
AI adoption to the extent of attaining parameter 
optimization in biorefineries at once, harvesting 
both pollutant uptake and biomass valorization to 
be able to pitch one process for the other.112 One 
of the foremost implications is machine learning 
modelling of the pivotal factors behind microbial 
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community dynamics in treatment facilities, 
thereby allowing the painless and effective co-
digestion of the next generation’s strategies. 
While these methods exhibit the capability to 
ease the operational side of things, the main 
hurdle of model verification pertaining to diverse 
influent compositions remains unsolved. On 
the other hand, in industries, the optimizations 
that AI triggers focus on stubborn pollutants 
through engineered microbes, as reviews of 
bioremediation skills have pointed out.113 By 
means of AI, the mechanisms of wastewater 
treatment by algal technologies have been better 
understood, while the challenges that were there 
have been solved at the same time, thus, this 
technology has paved the way for the adoption 
of environmentally friendly practices. The way to 
success is full of stories about the influence of AI 
on process prediction and resource management, 
thus demonstrating the implementations that 
have led to the most significant improvements in 
water quality and have provided valuable insights 
for further advancements.89 Regardless of such 
progress, bibliometric analysis reveals that more 
comprehensive case studies are urgently needed 
to close the gaps in algal-microbial synergy. These 
examples highlight the revolutionary potential 
of AI, while at the same time emphasizing 
the dependence of such breakthroughs on 
collaboration between different disciplines for 
the change from laboratory-scale to full-scale 
operations.114

Integrated intelligent bioremediation frameworks: 
hybrid biological systems and smart platforms
	 AI implementation in microbial, enzymatic, 
and algal processes enables machines to perform 
optimization, prediction, and control directly 
without the need for human intervention.112 
This strategy has been effective in providing 
characteristics for bioremediation, which has been 
a problem for a long time; for example, the ability 
of microbiota to carry out bioremediation and the 
sensitivity to environmental changes. This synergy 
not only supports pollutant degradation but 
also encourages resource recovery and reduces 
running costs; hence, smart bioremediation is 
becoming one of the core elements of the global 
environmental management systems. However, 

it is essential to recognize that obstacles, such 
as data integration, system complexity, and 
biosafety, must be addressed before successful 
implementation. This chapter discusses the 
characteristics of hybrid systems, features of 
integrated platforms, emergence of the Internet 
of Bio-Things, and a comparative evaluation in 
terms of their performance, thus reflecting their 
disruptive potential and identifying areas of 
further improvement.115 

Hybrid systems combining microbial and 
enzymatic approaches driven by AI
	 Microbial-enzymatic hybrid technologies 
electrified with AI amalgamate the biological 
functions of bacteria with the accurate 
catalytic functions of enzymes, accomplished 
through artificial intelligence, to enhance the 
bioremediation of xenobiotics in wastewater. 
These techniques take advantage of omics 
data, including genomics, proteomics, and 
metabolomics, to improve AI models that forecast 
microbial reactions and drill down enzymatic 
pathways, thus enabling the targeted destruction 
of hard-core pollutants, such as pharmaceuticals 
and heavy metals.116 AI routines can be used to 
scrutinize multi-omics diagnostics to simulate the 
dynamics of microbial consortia, thus facilitating 
the creation of hybrids in which enzymes are fixed 
in microbial biofilms to achieve synergistic effects. 
Machine learning has also been used extensively 
in recent developments to dynamically change 
pH, temperature, and other process conditions to 
stabilize enzymes and increase microbial activity 
during co-digestion.117 In addition, - hybrids exceed 
the isolates by combining the particularities of 
enzymes with the general adaptability of microbes. 
Nevertheless, problems, such as enzyme inhibition 
resulting from microbial byproducts, require 
the use of AI-controlled feedback systems for 
continuous regulation. These AI-powered models 
have been used in wastewater treatment plants 
to upgrade bio-electrochemical systems that 
can perform energy recycling effectively while 
simultaneously removing pollutants through 
the combination of microbial fuel cells with 
specialized enzymes.118 In addition, computational 
instruments map the changes in metabolite flow 
in these hybrids, making them ideal for predictive 
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bioremediation capable of changing different 
influent compositions. However, the elusive 
features of some AI models that make it difficult 
to comprehend their operations pose obstacles 
to regulatory approval, and thus require the 
adoption of integrated approaches that combine 
explainable AI with biological knowledge. These 
systems represent a significant step up to smart 
bioremediation; nevertheless, their scalability 
requires additional tests in real-life situations 
to handle the risks of genetic drift and the 
complexities of the system.119

Integrated algal–microbial platforms enhanced 
through AI coordination
	 These are unified treatment systems that 
merge algal and microbial methods, thus taking 
advantage of the photosynthesis of microalgae 
while utilizing the decomposition capabilities of 
microbes. All these are managed by AI to make 
wastewater purification and resource recovery 
more efficient.120 These platforms interact with 
algae to release oxygen to support bacterial 
metabolism, and AI models use sensor data to 
adjust light, nutrient, and CO2 inputs for better 
pollutant uptake.121 Advanced frameworks 
combine technologies, such as photobioreactors 
coupled with microbial consortia, where AI-driven 
predictive modeling is used to improve nutrient 
recovery and solve the problem of emerging 
contaminants, such as micropollutants. Artificial 
intelligence is used in river pollution management 
to enhance the bioremediation by modeling the 
interactions between algae and bacteria and 
thus facilitating the adaptive approaches that 
adjust to seasonal changes in water quality.122 It 

is important to note that while these platforms 
offer green alternatives to chemical treatments, 
the problem of maintaining stability in consortia 
when exposed to toxic loads still exists; hence, 
AI is required to predict and prevent imbalances 
through real-time interventions. Machine learning 
algorithms have been employed to simulate algal-
based wastewater treatment, thereby elevating 
the factors for heavy metal elimination through 
biosorption and bioaccumulation in symbiotic 
systems.123 The integration of algal-bacterial 
consortia with artificial intelligence enhancement 
in heavy-metal effluents ensures complete 
detoxification through the synergistic breakdown 
of persistent pollutants by fungi and microalgae. 
However, the limited number of diverse algal 
strains is a constraint on the accuracy of the models, 
thereby necessitating more comprehensive 
datasets and integrated AI biological strategies 
for better transferability.124 The integration of 
these platforms advances bioremediation while 
promoting the circular economy through biomass 
conversion. However, it is just as significant to note 
that the moral principles of artificial intelligence 
(AI) are scrutinized thoroughly when applying AI 
to help the environment so as not to cause any 
harm to any of the groups involved.

The internet of bio-things (IoB): connected 
biological networks for environmental 
	 The Internet of Bio-Things (IoB) proposes 
a conceptual model for an interconnected natural 
world in which biological entities, such as bacteria 
and algae, merge with digital systems and thereby 
form an integrated bioremediation network.125 This 
model upgrades the Internet of Things by including 

Figure 3. AI-Enabled Architecture for Real-Time Optimisation Flow diagram
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nanoscale biosensors and bio-nano devices, which 
not only sense but also, in principle, intervene 
to regulate biological operations in real-time, 
thus enabling a unified system of wastewater 
treatment. IoB devices promote an efficient flow of 
data between biosensors embedded in microbial 
communities and AI platforms in the cloud, thereby 
allowing bioreactors to self-regulate pollutant 
degradation enhancement. A fascinating idea 
emerges from this horizon, such as electrogenetic 
interfaces that implement electronic signals for 
the control of gene expression in bacteria, which 
in turn leads to an improvement in bioremediation 
efficiency in contaminated zones. However, while 
the IoB provides revolutionary environmental 
connectivity, for example, for bio sequestration and 
pollutant sensing, the possibility of cyber-attacks 
poses a considerable risk to the sector, thus being 
a strong security system imperative.126 Typically, 
in the human body and bacterial nanonetworks, 
IoB architectures employ biosensors for precision 
medicine and the environment, extending to 
bioremediation, where bio-nano units sense and 
neutralize xenobiotics. Advancing the Internet of 
Bodies by enabling heterogeneous networks that 
link biological and nanoscale entities, graphene-
based materials pave the way for enhanced 
wastewater sensing. The convergence of synthetic 
biology with the Internet of Beings brings up 
biosafety challenges, such as possible ecological 
ramifications of the release of genetically modified 
organisms (GMOs), thus implicating the necessity 
for interdisciplinary collaborative governance.127 
The issues of power efficiency and biocompatibility 
remain that question is IoB implementation in 
bioremediation, which eventually appears to be 
about sustainable and scalable networks merging 
biotech with IT. Eventually, the Internet of Bodies 
stands for a different time when bioremediation 
will be decentralized and proactive, thus leading 
wastewater management to be smart, global, 
adaptive, and interconnected.

Comparative evaluation of traditional versus 
advanced bioremediation techniques
	 A comparison of conventional and 
advanced bioremediation techniques revealed 
significant differences in their effectiveness, 
adaptability, and potential for sustainability in 
wastewater management. Traditional methods, 

which are primarily based on natural microbial 
activities or simple enzymatic pathways, often 
have slow degradation rates and are affected by 
environmental factors, resulting in minimal removal 
of emerging contaminants without significant pre-
treatment.21 In contrast, bioremediation employs 
AI for predictive optimization, which allows for 
dynamic adjustments that lead to increased 
pollutant removal and resource recovery in 
integrated systems. The methods currently in 
use, such as those with activated sludge and 
adsorption, cause issues of energy consumption, 
and as a result, a large quantity of sludge is 
produced.128 However, automated AI-powered 
hybrid systems can reduce operational costs and 
waste generation through precise control of the 
process. It is equally important to note that while 
traditional bioremediation solutions may be cost-
effective for the treatment of simple effluents, they 
have limited scaling ability for complex industrial 
wastewaters.129 Advanced systems, however, 
exhibit dominance by effectively simulating the 
interactions between microbes and algae to 
obtain tailored solutions. Environmental impact 
studies over the entire product life cycle have 
revealed that new approaches are less harmful 
to the environment, especially in the case of 
heavy metal removal, where bioremediation is 
more environmentally friendly than chemical 
precipitation. However, the high upfront cost 
and the requirement for highly skilled personnel 
in smart bioremediation can be a problem in 
developing regions; thus, gradually phasing out 
traditional methods is suggested. The innovative 
integrations demonstrate the enhancement of 
the performance of the organic filter media over 
conventional biofilters, with the aid of artificial 
intelligence in managing immediate fouling.130 
In short, intelligent bioremediation is a complex 
model of the next generation of wastewater 
management might look like. Nevertheless, full 
assessments need to consider the surroundings 
to find an equilibrium between the reliability of 
the old and the possibilities of the.

Challenges in deploying smart bioremediation
	 Smart bioremediation has gone through 
a significant transformative stage and is now more 
effective than before; however, its applicability 
on a broader scale and efficacy have been limited 
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by a number of challenges, limitations, and 
ethical considerations.131 Apart from biological 
instabilities, the list includes the trouble of 
efficiently integrating AI, limitations in data, 
and regulatory as well as socioeconomic issues 
on a larger scale. To overcome these issues, 
a multidisciplinary approach is required to 
ensure that deployment is safe, equitable, and 
environmentally friendly. It is worth noting 
that although advanced systems lead to better 
results, disregarding these factors may result in 
environmental degradation or increase the gap in 
clean water technology.

Microbia l  stabi l i ty,  genet ic  dr i f t ,  and 
environmental biosafety
	 It  is  necessary for the microbial 
communities in bioremediation systems to 
be stable in order to be able to rely on them 
for pollutant degradation, however, changes 
in the environment often cause community 
changes that will affect their function. In the 
process of wastewater treatment, main bacterial 
communities are able to maintain functional 
redundancy globally, as a few species have been 
found in more than 70% of the samples from all 
over the world, thus providing resistance against 
different kinds of disturbances.132 However, 
community instability induced by factors such as 
changes in pH or the introduction of toxins may lead 
to loss of microbial diversity. Indeed, a theoretical 
loss of 30% in functional redundancy has been 
calculated for unstable ecosystems.133 On any 
given occasion, genetic drift or random mutations 
in degradative genes may affect microbial fitness 
and, consequently, result in a 15%-25% reduction 
in degradation rates after long-term exposure. The 
presence of plasmid-linked traits in genetically 
engineered microorganisms improves their 
adaptability; however, there is a risk of horizontal 
gene transfer and the dissemination of modified 
genes to non-target species, which raises serious 
concerns regarding biosafety. The complexity 
of environmental biosafety issues has become 
more problematic with the release of genetically 
engineered microorganisms, considering the 
possible inadequate containment measures that 
may impact native ecosystems. Indeed, this has 
been estimated to have been the case in 10%-
20% of field trials when unintended gene flow 
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has occurred.134 The fact that bioaugmentation 
increases stability, but high reliance on engineered 
strains, may lead to ecological imbalances 
necessitates comprehensive risk analysis to avoid 
loss of biodiversity and the spread of antibiotic 
resistance.

Technical constraints in applying ai to biological 
systems
	 The implementation of AI in microbial 
bioremediation faces technical challenges that 
limit its real-time optimization and scalability. 
Challenges with data interoperability hinder the 
integration of different datasets; up to 40% of 
AI models used in environmental applications 
can face these incompatibility problems.135 
The computational burden is high because 
deep learning algorithms have huge resource 
requirements, which results in overfitting in 25%-
35% of cases for predictive modelling in microbes. 
This would minimize the overall detection 
cost by 57% in case of oil contamination.136 
However, the deployment of AI is restricted by 
fragmented datasets that negatively affect the 
accuracy of the models, especially for complex 
microbial interactions. This leads to considerable 
errors owing to sensor inaccuracies in dynamic 
bioreactors and can reduce system reliability by 
up to 20%, mainly in remote or resource-limited 
environments. The robustness of the model to 
various physicochemical conditions remains an 
issue, as AI has a limited capability in nonlinear 
microbial dynamics. Most of these approaches 
require collaboration to facilitate the integration 
of blockchain technology for secure data -sharing. 
The identified barriers highlight the urgent need 
for advanced sensor technologies and integrated 
AI methods for practical use in larger microbial.

Dealing with data scarcity, bias, and model 
transferability in biological AI models
	 The limited availability of data is a 
major problem for the creation of AI models in 
the biological domain, as only a few high-quality 
datasets are readily available for training, which 
has an impact on nearly 50% of the drug discovery 
and bioremediation applications (Table 4).137 
The number of omics data in life sciences has 
exploded, which has resulted in the publication 

of more than 1,300 papers on the intersection 
of AI and omics since 2004. Nevertheless, noisy 
or imbalanced datasets that are used to train AI 
models cause biases that result in microbial model 
predictions being off by 15%-30%. The Biases 
arise from the reality of the underrepresented 
populations or conditions that influence fairness 
in models; thus, imbalanced training data causes 
errors in 20%-40% of biological AI outputs.138 The 
issue of model transferability stems from deep 
learning being non-transparent, and as such, 
the models have limited generalizability across 
different ecosystems. Transfer learning can help 
raise the level of performance, but it is also liable 
to fail in 25% of the cases due to domain shifts. 
It is worth mentioning that, while devices such as 
federated learning help solve problems related to 
privacy, data silos still exist. In contrast, generating 
synthetic data is a way to deal with scarcity; 
however, it may not fully reflect the complexities 
of the real world. The use of standardized data 
protocols and diverse data is important for 
AI to become more dependable in intelligent 
bioremediation.
	 Most countries are still in the process of 
building regulatory frameworks for the use of AI 
in bioremediation and capacity building and are 
frequently unable to keep up with technological 
advancements. Only 30% of these regions have 
established specific regulations for the release of 
genetically engineered microorganisms (GEMs). 
Ethics-related issues include, among others, bias 
in the algorithms as well as their transparency, 
because in the case of difficult-to-understand AI 
decision pathways, environmental injustices can 
even worsen, which, in turn, leads to an increase 
in the number of vulnerable communities affected 
in 40%-50% of the cases.139 Furthermore, socio-
economic aspects reveal that there is a significant 
difference in access; the high costs involved in 
the implementation of this technology impede 
its implementation in developing countries.  
Even though the growth of AI in bioinformatics is 
quite impressive and is characterized by a CAGR 
of 42.9%, its advantages are not being granted 
to everyone on equal terms. The unanticipated 
environmental impact resulting from AI-driven 
optimization raises several questions regarding 
accountability related to the involvement of 
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people in the decision-making process, which, 
in turn, seeks to be inclusive and aims to ensure 
fair shares. In addition to the privacy issues of 
data-driven models, there is also a threat of 
job losses in the traditional treatment sectors, 
which not only complicates socio-economic 
dynamics but also encourages the establishment of 
ethical frameworks that emphasize sustainability 
and inclusiveness in the progress of smart 
bioremediation.

Future directions: AI-engineered strains, 
autonomous reactors, and scalable smart 
bioremediation
	 The future of intelligent bioremediation 
relies on removing existing obstacles with 
innovative solutions that combine synthetic 
biology, autonomous systems, and cooperation 
among different disciplines. According to Pawar 
et al,151 the use of AI-driven strain engineering, 
autonomous bioreactors, bio-robotics, and 
translational pathways can help the sector go 
beyond treating the environment and managing 
it proactively and in a self-sufficient. The regional 
governments’ sourcing of scaled, resilient, and 
fair solutions while also identifying the significant 
research areas that can speed up the transition 
from lab innovations to a global implementation 
is the strategic roadmap presented in this chapter.

Artificial intelligence application in synthetic 
biology for the creation of microbial strains
	 One of the major changes brought 
about by AI integration into synthetic biology 
is the development of microbial strains. These 
changes could be necessary for cleaning microbes, 
and they do so very quickly and efficiently.152 
Predictive machine learning models can estimate 
gene modifications that make catabolic pathways 
more efficient, thus drastically reducing the time 
required for development from several years to a 
few months. For instance, generative AI has the 
potential to produce completely new operons that 
target xenobiotic degradation, thereby removing 
pollutants 2-3 times faster than natural strains. 
Future programs should therefore focus on 
merging CRISPR-AI platforms to create modular 
microbial chassis that can simultaneously bind 

heavy metals and effectively mineralize organic 
compounds.153 Potential areas of research include 
the development of open-source AI tools to 
support community-driven strain optimization 
and the establishment of a global strain bank for 
easier access by everyone. It is equally important 
for biosafety to be part of design algorithms to 
prevent unwanted ecological impacts and ensure 
that future microbes can be contained and 
reversed.

Non-stop learning bioreactors and unmanned 
treatment facilities
	 Non-stop learning bioreactors describe 
the pinnacle of smart bioremediation, where 
embedded AI allows the system to autonomously 
make all the necessary changes in the operating 
conditions. The adoption of these devices will 
use reinforcement learning for activities such as 
aeration, nutrient dosing, and hydraulic retention; 
thus they will be in line with the next real-time 
pollutant profiles, which can entail that the 
energy consumption is reduced by 40%-60%.154 
Autonomous treatment plants consisting of 
smart units that are interconnected and thus 
able to operate collectively can act as distributed 
intelligence hubs, which can share the information 
via secure edge computing, and thus be able to 
deal with regional pollution incidents effectively.155 
The main focus points are the development 
of robust digital twins capable of simulating a 
couple of years of operation within hours and the 
establishment of fail-safe devices that prevent 
system drift. It is of great importance to perform 
pilot-scale showcases under different weather 
conditions to confirm their stability against 
adverse weather and sudden influxes, thus laying 
the foundation for fully decentralized and reliable 
wastewater infrastructures.

Microbiomes, bio-robotic systems, and lab-to-
field translation pathways
	 Engineered microbiomes are designed 
to create functionally stable consortia through 
AI-generated networks of interactions that 
overcome the inherent limitations of single-
strain bioaugmentation. Redundancy and stress 
resistance could be properties of synthetic 
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communities constructed by the simulation of 
quorum sensing and metabolic cross-feeding.156 
Bio-robotics, the use of living cells in combination 
with micro-actuators, is an innovative horizon 
with programmable bio-bots that can locate and 
degrade pollutants in places that are difficult to 
access, such as sewer biofilms and groundwater 
plumes.
	 Given the considerable challenges in 
the transfer of results from the laboratory to the 
field, the development of standardized validation 
frameworks, such as long-term mesocosm studies 
and regulatory sandboxes, is imperative for risk 
mitigation in deployment.157 There are many 
possibilities in the setting up of “translation 
accelerators” in collaborative ventures between 
public and private sectors that facilitate permitting, 
monitoring, and scaling processes. The objective of 
this approach is to allow 70%-80% of the feasible 
lab concepts to reach the pilot stage within 3-5 
years as opposed to the current rate, which is less 
than 20%.158

Connecting disciplines: collaborative approaches 
for scalable smart bioremediation
	 The large-scale implementation of 
smart bioremediation requires collaboration 
across diverse fields. Collaboration between 
environmental engineers, data scientists, 
ecologists, policymakers, and local communities is 
required to develop solutions. Innovation networks 
around the globe should work to establish shared 
data lakes, standardized ontologies, and open-
source AI models as means of tearing down 
barriers.159 Including community knowledge in 
AI training will not only increase the relevance of 
the model but also help gain the public’s trust. 
Innovative funding models that combine public 
grants, impact investments, and carbon credits 
can contribute significantly to the enhancement 
of deployment in areas with fewer economic 
resources.160 The major point of investigation is the 
development of equitable licensing frameworks 
that will guarantee that advanced bioremediation 
technologies are available to the 2.2 billion people 
who lack access to safely managed sanitation. 
In summary, the roadmap goes to the idea 
of large-scale bioremediation: the biosphere, 

which is dynamic and adaptive, where biological 
processes and intelligence evolve hand in hand, 
thus ensuring water security.

CONCLUSION

This review consolidates many studies that have 
been hinting for years that microbes, enzymes, 
and algae can treat wastewater in very natural, 
often more cost-effective, and flexible ways than 
traditional chemical systems that are fading away. 
These three biological groups operate differently, 
but eventually support each other, with microbes 
taking care of most of the organic load, enzymes 
breaking down stubborn compounds that hinder 
the process, and algae absorbing nutrients while 
releasing oxygen to bacterial communities. The 
studies presented here illustrate how the removal 
of nitrogen, phosphorus, dyes, metals, antibiotics, 
and even some plastic-associated pollutants 
is greatly elevated when mixed systems are 
employed, although the exact performance still 
varies considerably with changes in wastewater 
strength. Many studies have emphasized that 
these systems lose efficiency when scaled to 
the field because real wastewater behaves 
differently from controlled laboratory samples, 
and this inconsistency remains one of the biggest 
problems. There are also gaps in the form of 
short trial durations, missing seasonal data, and 
the high cost of algae unit operations at larger 
scales. Nevertheless, the sum of all evidence 
points to the fact that properly tuned microbial-
algal-enzymatic systems can reduce energy 
requirements and achieve good pollutant removal. 
The next step in this research is primarily long-term 
experiments, development of strong consortia that 
do not disintegrate under stress, enhancement of 
sensor-based monitoring for early interventions, 
and discovery of cheaper methods of scaling up 
systems without losing.
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