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The utilization of pharmaceuticals in medical and veterinary treatment has not only improved human and animal
health but has also boosted food-production and economic welfare. However, the release of pharmaceuticals in
the environment through various pathways, such as manufacturing, human excretion, and substandard disposal,
can have detrimental effects on ecosystems and various biological entities associated with these systems. High
levels of pharmaceutical residues have been detected further downstream of manufacturing facilities, and
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Green chemistry
Environmental sustainability

Sensor technologies
Fig. 1. Pathways by which
untreated veterinary medication leftovers can end up in waterbodies. Methods utilizing artificial intelligence (AI)
and machine learning (ML) have been employed to establish connections between chemical structure and bio-
logical activity, referred to as quantitative structure–activity relationships (QSARs) for the compounds. QSAR
models use chemical structures to predict hazardous activity when experimental data is lacking, thereby helping
prioritize chemicals for testing and compilation. Combinatorial chemistry, by enabling high-throughput com-
pound synthesis, accelerates the generation of targeted molecules for testing across various fields. Green chem-
istry helps in creating, designing, and implementing chemical products and procedures with the aim of
minimizing or eradicating the generation and subsequent utilization of harmful substances. In addition, phar-
maceutical sensor technologies (PST) are critical tools in modern medicine, enabling precise detection and
monitoring of various biochemical and physiological markers and parameters. The synergy between AI, ML, QSAR
modeling, and the implementation of combinatorial and green chemistry methodologies is pivotal in driving the
development of innovative products and PST in pharmaceutics. This interdisciplinary approach is crucial for
creating solutions with reduced toxicity in pharmaceutical processes, thereby ensuring enhanced public safety and
promoting the sustainability of environmental resources. By integrating these advanced methodologies, the
pharmaceutical industry can achieve greater detection accuracy, efficiency in production of eco-friendly products,
ultimately leading to safer pharmaceutics and a healthier planet.
1. Introduction

The use of pharmaceuticals in medical and veterinary treatment has
numerous benefits, from improving human and animal health to boosting
food production and economic welfare. However, the release of phar-
maceuticals into the environment through various pathways, such as
manufacturing, human excretion, and incorrect disposal, can have
detrimental effects on ecosystems and organisms. High levels of phar-
maceutical residues have been found downstream of manufacturing fa-
cilities, and untreated veterinary medication leftovers can end up in
water bodies. There is mounting evidence of the harmful effects on the
environment, with laboratory and field testing linking oral contraceptive
residues with feminizing effects on fish and amphibians and the presence
of psychiatric medication residues in aquatic environments has been
found to alter fish behavior significantly. Antibiotic misuse and overuse
are significant contributors to the formation and spread of antimicrobial
resistance, a worldwide health emergency that has the potential to have
profound effects on human health, food security, and the economy.1,2

When pharmaceuticals infiltrate, persist, or spread across the
pharmaceuticals and other cons
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environment, they pose a unique concern since they are made to be
chemically resistant or even non-degradable on passage through a human
or animal body. They are known as environmentally persistent phar-
maceutical pollutants (EPPPs) and may have a direct negative influence
on non-target creatures, such as wildlife, and have long-term effects on
the resilience and health of ecosystems when discharged into the
environment.3

Regulatory environmental risk assessment methods for pharmaceu-
ticals and Personal Care Products (PPCPs) take into account emissions to
soils during the application of biosolids andmanure, as well as discharges
to surface waterways from wastewater treatment systems, aquaculture
operations, and runoff from fields.4,5 Fig. 1 represents various exposure
routes, such as emissions from production facilities, off-label emissions,
disposal of treated animal carcasses, discharge of veterinary medications
from hard surfaces in farmyards, irrigation with wastewater, and
dumping of unused medications in landfills.

Pharmaceuticals are considered emerging contaminants that pose a
threat to the environment and human health. While the concentrations of
drugs found in the environment are usually below therapeutic levels,
umer care products get released into the environment.
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some groups of pharmaceuticals, such as beta-blockers, antibiotics,
anticancer drugs, and endocrine disruptors, have been shown to cause
devastating effects on the ecosystem.6 Around 30,000 kg of natural ste-
roidal oestrogens and an additional 700 kg of synthetic oestrogens are
excreted annually by humans around the world, with the majority of
these substances coming from the livestock industry because of the usage
of growth-promoting steroids. Oestrogens are connected to an increased
incidence of breast and prostate cancer and can have major negative
effects on both human and animal physiology and natural reproduction.7

Antimicrobial resistance is a global public health concern, with antibi-
otics in human medicine, veterinary medicine, and agriculture contrib-
uting to an increase in antibiotic resistance and the occurrence of
ecotoxicological effects.8 Additionally, long-term exposure to the potent
effects of antibiotic pollution can have an adverse effect on human
health, particularly in individuals who already have chronic conditions
like obesity, diabetes, or asthma.9 Several aquatic animals of various
species bioaccumulate various antidepressants in their tissues, which
causes cytotoxicity, genotoxicity, modulation of the stress response,
change in weight and length, and liver and kidney damage.10 Antide-
pressant pollution (sertraline, fluoxetine) has affected human neuro-
development and many mental diseases.11 Non-steroidal
anti-inflammatory drugs (NSAIDs), including acetaminophen, acetylsa-
licylic acid, ibuprofen, diclofenac, and naproxen, significantly contribute
to environmental pollution and cause oxidative stress and the disruption
of detoxification enzymes in invertebrates and vertebrates.12

Presently, there are approximately 28 million registered chemical
structures, with only a fraction of them having corresponding experi-
mental toxicity data. As a result, prediction emerges as the primary so-
lution, though it brings forth significant hurdles in terms of accuracy and
interpretability. Predictive toxicology systems like quantitative struc-
ture–activity relationship (QSAR) leverage statistical methods alongside
aspects of artificial intelligence (AI), namely machine learning (ML)
techniques. While ML has found widespread application in pharmaceu-
ticals, its adoption in ecotoxicology remains somewhat limited. For
instance, this study reviewed the utilization of QSARs in modeling CMR
(carcinogenic, mutagenic, reproductive) toxicity and PBT (persistent,
bio-accumulative and toxic) chemicals before delving into the advance-
ments in ML technology. Recent progress in understanding the neural
mechanisms underlying cognitive functions has led to the development
of deep learning systems capable of problem-solving, pattern recognition,
and image and text comprehension. Leveraging these advancements, the
successful deep learning architecture was adopted into Toxception, a tool
for generating QSAR models. Toxception's efficacy was tested on a real-
world dataset of approximately 20,000 molecules evaluated for muta-
genicity using the Ames test, yielding results that challenge existing
methodologies. Notably, Toxception operates solely on 2D structures
derived from SMILES without requiring additional chemistry knowl-
edge.13 The fusion of predictive toxicology and advanced ML techniques
presents a promising avenue for addressing the vast gap between
chemical structures and experimental toxicity data. While challenges
persist in terms of accuracy and interpretability, recent strides in deep
learning architectures, exemplified by tools like Toxception, offer a
transformative approach. Harnessing neural mechanisms and leveraging
vast datasets can effectively pave the way for more comprehensive
toxicological assessments, thereby enhancing our understanding of
chemical hazards and advancing safety in pharmaceuticals and envi-
ronmental stewardship.

The progress in AI and deep learning presents an exceptional op-
portunity for enhancing the rational screening of drugs, ultimately
benefiting humanity. The integration of these advanced predictive toxi-
cology methodologies with mitigation approaches holds significant
promise in addressing the environmental impacts of pharmaceutical
usage. Combinatorial chemistry, coupled with AI-driven QSARmodeling,
allows for the systematic exploration of chemical space to identify
compounds with reduced environmental risk profiles. Green chemistry
principles further enhance this process by promoting the design of
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pharmaceuticals with minimal environmental impact throughout their
lifecycle, from synthesis to disposal. The integration of QSAR modelling,
equipped with AI, extensive ML and a diverse information library, with
combinatorial and green chemistry approaches, could play a crucial role
in advancing pharmaceutical products and sensor technologies with low
toxicity levels that are environmentally friendly and sustainably safe. The
following sections discuss the major approaches and their integration
with sensor technologies, followed by importance of proactive measures
in safeguarding both public health and environmental resources.

2. The role of AI in pharmaceutical developments and
advancements

The role of AI in pharmaceutical developmental technology and
QSAR analysis is transformative and multifaceted. AI has revolutionized
the field by enhancing the efficiency and accuracy of drug discovery
processes. In pharmaceutical sensing technology, AI-driven systems
leverage advanced algorithms and ML techniques to sift through vast
repositories of chemical data, enabling the rapid and precise identifica-
tion of compounds with specific therapeutic properties. These systems
harness the power of multimodal libraries, which integrate diverse
datasets encompassing molecular structures, biological activities, phar-
macological profiles, and clinical outcomes. By accessing such compre-
hensive references, AI algorithms can effectively analyze and correlate
intricate relationships between chemical structures and their therapeutic
effects. Furthermore, AI-driven approaches offer scalability and effi-
ciency in screening chemical compounds, accelerating the drug discovery
process and reducing the time and resources required for experimenta-
tion. Through iterative learning and optimization, these systems
continuously refine their predictive capabilities, enhancing the accuracy
and reliability of compound identification. Consequently, researchers
can prioritize candidate molecules with higher probabilities of success,
facilitating the development of novel pharmaceuticals with improved
efficacy and safety profiles.

Moreover, the accessibility of AI-driven platforms empowers re-
searchers across academia, industry, and healthcare to leverage cutting-
edge computational tools for drug discovery. By democratizing access to
advanced analytics and computational resources, these systems democ-
ratize innovation and foster collaboration within the scientific commu-
nity, ultimately driving the discovery of breakthrough therapies for
various diseases and medical conditions.14 ThroughML algorithms, these
systems analyze a vast number of novel datasets of molecular structures
and biological activities, predicting the potential efficacy and safety
profiles of candidate drugs. This predictive capability expedites the
identification of promising drug candidates while minimizing the need
for costly and time-consuming laboratory experiments. Figure 2 show-
cases the pivotal role of AI in revolutionizing drug development and
research. AI technologies are leveraged to optimize nano-system design,
bolster the current drug testing models, and refine the selection of pa-
rameters and factors crucial in drug design, discovery, and repurposing
methods. Moreover, AI aids in deepening our comprehension of mem-
brane interaction within the simulated human environment by delving
into aspects such as drug permeation, simulation techniques, and iden-
tification of human cell targets, thereby facilitating more accurate and
efficient drug development processes.

Additionally, AI facilitates the integration of QSAR modeling into
drug development workflows.15 QSAR, a powerful computational tool,
correlates the physicochemical properties of molecules with their bio-
logical activities. By leveraging AI techniques such as deep learning and
neural networks, QSAR models have revolutionized drug discovery and
development processes. These models can accurately predict the phar-
macological behavior of novel compounds, guiding researchers in the
design of safer and more effective drugs. QSAR models analyze the
structural and physicochemical properties of molecules to establish re-
lationships between chemical structure and biological activity. This not
only accelerates the drug discovery timeline but also minimizes the need



Fig. 2. Graphical representation of AI interacting in various developmental methods within the human environment.15 Reproduced under the terms of the CC-BY
license from Ref.15 [Pharmaceutics], Copyright 2023, The Authors, published by MDPI.
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for costly and time-consuming experimental assays.
Furthermore, AI-driven QSAR approaches enable the exploration of

chemical space more comprehensively. Traditional drug discovery
methods often focus on known chemical entities, limiting the scope of
exploration. However, AI-powered QSAR models can analyze vast data-
sets of chemical compounds, including those that have not yet been
synthesized or tested experimentally. This capability facilitates the dis-
covery of innovative molecular scaffolds and novel drug targets that may
have been overlooked using conventional methods. Additionally, AI-
driven QSAR models can predict potential adverse effects and toxicity
profiles of candidate compounds, allowing researchers to prioritize
compounds with favorable safety profiles early in the drug development
process. This proactive approach helps to mitigate the risk of adverse
events during clinical trials and ultimately leads to the development of
safer medications. Thus, the integration of AI technologies into QSAR
modeling holds immense promise for advancing drug discovery and
development efforts, ultimately improving patient outcomes and revo-
lutionizing the pharmaceutical industry.16 Overall, AI plays a pivotal role
in pharmaceutical sensing technology and QSAR, driving innovation,
efficiency, and precision in drug discovery and development processes.

3. Integration of QSAR and ML for implementation of measures

The predictors in QSAR modelling are physio-chemical qualities or
theoretical molecular descriptors of chemicals; the QSAR response-
variable could be a biological activity of the chemicals. Initially, QSAR
models condense an alleged correlation between chemical structures and
biological activity into a chemical data set. Second, QSAR models fore-
cast novel compounds' actions. Additionally, a mathematical
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relationship, often known as a QSAR, can be found between physico-
chemical attributes or structures that can be described as numbers. After
the mathematical expression has been thoroughly verified, it can be
utilized to forecast the behaviour of different chemical structures.17

QSAR has the form of a mathematical model activity ¼ f (physi-
ochemical properties and/or structural properties) þ error. The error
includes model error (bias) and observational variability, i.e., the vari-
ability in observations even on accurate mode. This computational
modelling method can help in identifying potential drug candidates with
minimal adverse effects on the environment and human health. QSAR
models can be regression or classification models and are used in drug
discovery, environmental science, and chemical hazard assessment.
These technologies have found applications in peptide synthesis,
structure-based and ligand-based virtual screening, toxicity prediction,
pharmacophore modeling, drug repositioning, poly-pharmacological,
physiochemical activity assessment and most importantly, QSAR. His-
torical evidence underscores the efficacy of integrating AI and deep
learning in drug screening processes. Furthermore, recent advancements
in data mining, curation, and management techniques have provided
crucial support to the development of these modelling algorithms.18 For
instance, ML techniques were found to be promising tools for the
enhancement of QSAR modeling, garnering significant attention from
researchers. This study systematically reviewed the application of ma-
chine learning algorithms in QSAR, introducing a framework named
‘ML-QSAR’. This framework is designed to aid future research by facili-
tating algorithm selection based on specific application requirements,
refining existing methods, and offering a comparative platform for
studying different methodologies. ML-QSAR begins with a structured
categorization of QSAR modeling research based on machine learning



Fig. 3. Types of combinatorial library methods, the nature of the library com-
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models, followed by the introduction of evaluation criteria to assess these
models.19

Over the past six decades, QSAR has undergone a remarkable evo-
lution, progressing from basic regression/classification analyses of
limited compound sets to advanced ML techniques capable of extracting
intricate chemical, physical, and biological insights from vast datasets of
complex molecular structures. This evolution has positioned QSAR as a
cornerstone of drug discovery, facilitating efficient and cost-effective
activity and property predictions, as well as structure-based virtual
screening of millions of drug candidates. ML techniques are now widely
employed across diverse domains, spanning retrosynthetic route pre-
diction, protein and compound design, conformer generation, force-field
optimization, and protein structure prediction. The classical QSAR
methodology relies on mathematical models to correlate molecular
structure, represented through descriptors such as two-dimensional (2D)
representations, fingerprints, or graphs, with various biological activ-
ities, including absorption, distribution, metabolism, excretion, and
toxicity (ADMET) profiling, binding free energies, and kinetic rates for
protein–ligand complexes.

Given the flexibility in model selection, QSAR has readily embraced
ML algorithms, enabling the effective processing of large multidimen-
sional datasets and successful exploration of nonlinear structure–function
relationships.20 The QSAR Toolbox offers free functionality that supports
reproducible and transparent chemical risk assessment, including
retrieving experimental data, simulating metabolism, and profiling
properties of chemicals.18–20

The different applications of QSAR include:
Chronic toxicity prediction: QSAR models have been developed to

predict chronic toxicity in rats, which can help in identifying a small
number of toxic compounds during the drug discovery process. A QSAR
model can be developed based on diverse and complex compounds, using
important descriptors extracted from a pool of descriptors through
stepwise regression and a genetic algorithm. Validating the developed
partial least squares (PLS) model statistically, demonstrating its reli-
ability, robustness, and predictive ability. The validated models can then
be used to assess the chronic toxicity of pharmaceuticals present in the
DrugBank database, identifying markers such as hydrophobicity, elec-
tronegativity, lipophilicity, bulkiness, complex chemical structure,
bridgehead atoms, and phosphate group that play a crucial role in
chronic toxicity. This model is then interpreted to understand the
structure-toxicity relations responsible for chronic toxicity.21

Environmental fate and risk assessment:QSARmodels can be used
to study the persistence, environmental fate, and toxicity of pharma-
ceuticals, which can help in prioritizing chemicals for further assessment
and management. Molecular connectivity indices (MCIs) are structural
descriptors used in QSAR modelling in various scientific fields, including
physics, chemistry, biology, drug design, and environmental sciences.
They are calculated based on the connectivity of atoms in a molecule and
provide information about the structural properties of the molecule MCIs
are selected for their speed, simplicity, and ability to quantify structural
properties, making them suitable for efficient testing and evaluation of
concepts and principles. These models can estimate partitioning and
chromatographic properties of persistent organic pollutants (POPs),
providing valuable information for understanding their behaviour in the
environment. The developed QSAR models can also predict properties of
POPs that have not been synthesized yet, allowing for a more compre-
hensive understanding of their potential environmental impact.22

Read-across and trend analysis: The QSAR Toolbox offers func-
tionalities for retrieving experimental data, simulating metabolism, and
profiling properties of chemicals, which can be used to find structurally
and mechanistically defined analogues and chemical categories. These
can serve as sources for read-across and trend analysis for data gap filling.
QSAR predictions can be a cost-effective and time-saving way to create
supporting evidence for chemical hazard assessment.23,24
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4. Combinatorial chemistry

In combinatorial chemistry, various “building blocks” are linked by
systematic, repetitive, and covalent means to form a large assortment of
structurally diverse compounds, known as chemical libraries. In addition
to screening the compounds for individual interactions with biological
targets, a chemical library can be prepared once it has been prepared.
Subsequently, positive substances can be recognized through direct
identification (in position-addressable libraries) or through decoding
(using chemical or genetic methods). It has been applied to both in
optimization and drug lead discovery. Combinatorial methods have been
developed to create focused or diverse chemical libraries with a wide
range of linear or macrocyclic chemical molecules, including peptides,
non-peptide oligomers, peptidomimetics, small molecules, and natural
product-like organic molecules. These methods allow for the generation
of large numbers of compounds and rapid concurrent screening against
specific drug targets. Fig. 3 summarizes the various combinatorial library
methods, the nature of the library compounds involved and the screening
methods available to each of the technologies.

The phage-display, yeast-display, bacteria-display, mRNA-display,
OBOC, DECL, and solution phase mixture libraries are examples of high
throughput combinatorial library techniques that can produce extremely
diverse chemical libraries (e.g., >1 million).25–33 In addition to gener-
ating a huge number of compounds, these combinatorial library methods
also allow rapid concurrent screening against specific drug targets.

The parallel synthesis library and synthetic planar microarray library
methods are much lower throughput, and the resultant libraries far more
focused, than the aforementioned methods. The planar microarray
technique has primarily been applied to peptide research, while it is
theoretically possible to chemically produce other kinds of chemicals in
situ through automation.34–37 When created in conjunction with
computational chemistry, the highly focused small-molecule libraries
(hundreds to thousands of compounds) obtained by parallel synthesis are
especially helpful for optimizing therapeutic leads.38,39

Parallel synthesis library: It refers to a collection of compounds that
are synthesized simultaneously in separate reaction vessels. This
approach enables the rapid generation of diverse chemical structures,
which can be screened for potential biological activity, making it a
valuable tool in drug discovery and development. The technique enables
substantial time savings and compound differentiation by running
pounds involved and the screening methods available to each of the
technologies.
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multiple experiments simultaneously, ultimately supporting lead gener-
ation, lead optimization, and the screening of optimal reaction conditions
in the pharmaceutical industry and other research areas. Parallel syn-
thesis often supports this process when searching for potential drug
candidates in the pharmaceutical industry by enabling simultaneous
processing of multiple reaction while allowing for the generation of large
compound libraries. Parallel synthesis can be achieved manually or
robotically, in solution or on solid support, and each library compound
can be purified via automatic chromatography if needed.40

Synthetic planar micro array library: This utilizes solid supports,
such as resin beads, to facilitate the synthesis of compounds. Each bead
can be individually functionalized, enabling the generation of diverse
compound libraries. This method allows for the generation of large
numbers of compounds in a parallel and position-addressable manner,
either manually or robotically, in solution or on solid support.31 It has
been used to create focused libraries of limited diversity, which can in-
crease the hit rate in drug discovery. Synthetic planar microarray li-
braries have been used in various research areas, including the
identification of GIT/PIX protein–protein interaction inhibitors.41

Solution-phase mixture library: It has emerged as a powerful
method for the rapid generation of chemical libraries, largely due to the
development of novel synthetic methodologies that expedite the prepa-
ration of compounds. Allowing for the generation of large numbers of
compounds in a parallel and position-addressable manner and elimi-
nating the time-consuming steps in conventional methods. Solution-
phase mixture libraries have been used to create diverse libraries of
compounds, such as mappicine analogues and for the discovery of novel
polyazapyridinophanes.42 One example of solution-phase mixture syn-
thesis is the fluorous mixture synthesis, which addresses the separation
and identification problems associated with conventional methods. This
method pairs members of a sequence of organic substrates with a
sequence of various kinds of fluorescent tags. After which, the initial
materials with tags are combined and put through a series of steps in a
reaction process. Based on the fluorine content, the tagged product
mixtures are extracted using fluorous chromatography, and the final
products are then released by de-tagging.43

DNA-encoded chemical library (DECL): This library utilizes DNA
tags to encode chemical structures, enabling the synthesis of large li-
braries of compounds. Each compound is linked to a unique DNA
sequence, allowing for the identification and decoding of compounds of
interest. DECLs are groups of molecules that are individually attached to
DNA tags to function as amplified identifying barcodes. These libraries
can be generated with greater flexibility in reaction conditions compared
to other methods, such as solid-supported synthesis. DECL synthesis be-
gins with an oligonucleotide that has a chemical linker moiety and
continues via cycles of chemical synthesis and DNA barcode elongation.
Beginning with an oligonucleotide that has a chemical linker moiety,
DECL synthesis involves repeating cycles of chemical synthesis and DNA
barcode elongation. DECL selections require little protein, minimal assay
development, and no specialized instrumentation, allowing for parallel
synthesis and easy comparison of results across different conditions.
DECLs have been used in various research areas, including the discovery
of small molecules capable of modulating biologically relevant target.
They have also been applied in fragment-based drug discovery, dis-
playing a single molecule on DNA or using DNA-encoded chemical li-
braries for RNA targeting.44–46

One-bead one-compound (OBOC) library: It involves the synthesis
of individual compounds on beads, allowing for the screening of large
numbers of compounds in a parallel and position-addressable manner.
OBOC library is a combinatorial library method used in drug discovery
and research. In this method, compound beads are prepared by a “split-
mix” synthesis approach that results in the synthesis of individual com-
pounds on beads, allowing for the screening of large numbers of com-
pounds in a parallel and position-addressable manner. OBOC libraries are
not limited to natural amino acids and offer a lot more structural possi-
bilities, such as linear, cyclic, branch, and macrocyclic peptide libraries,
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as well as peptide libraries comprised of both natural and unnatural
amino acids and amino acids with post-translational modifications.
OBOC libraries have been used to identify peptide substrates and in-
hibitors of protein kinases, peptide ligands for cell surface receptors, and
cyclic peptides against biological targets. The OBOC library method is a
powerful combinatorial technology for basic research, the development
of cancer targeting ligands, and the development of affinity elements for
efficient site-specific ligation of immunoglobulins.47,48

mRNA display peptide library: This is a powerful in-vitro selection
technique used in drug discovery and research to identify peptides or
proteins with desired properties. mRNA display allows the use of protein
libraries exceeding 1013 variants, which is several orders of magnitude
larger than all in-vivomethods andmost in-vitro techniques. The genotype
is covalently linked to and is always present with the phenotype, making
it possible to use any desired conditions during the selection process and
titrate the stringency of the selection. mRNA display has been effectively
used to map protein–protein and DNA-protein interaction networks,
identify drug-binding targets, clarify enzyme–substrate interactions, and
enhance the binding affinities of already-existing affinity molecules.
Successfully screened polypeptides range in length from tiny peptides
with less than 10 residues to proteins with over 650 residues. The ca-
pacity of mRNA display to swiftly identify strong peptide binders of
therapeutic protein is transforming the field of peptide drug
discovery.49,50

Phage display library: It involves the use of bacteriophages, viruses
that infect bacteria, to display diverse peptide libraries on their surface.
These peptide libraries can be used to study protein–protein, protein-
peptide, and protein-DNA interactions. In this technique, a gene encod-
ing a protein of interest is inserted into a phage coat protein gene, causing
the phage to display the protein of interest on its surface. Phage display
allows for the high-throughput screening of protein interactions, receptor
binding sites, and identification of epitopes, mimotopes, functional, and
accessible sites from antigens. The phage display technique offers high
flexibility, making it suitable for various research applications, such as
diagnostic methods and designing potential therapeutic agents and vac-
cines. Phage display libraries have been used in various research areas,
including the discovery of therapeutic antibodies, identification of
tumor-targeting peptides, and studying protein-ligand interactions.
Phage display technology has been proven to be a powerful human
monoclonal antibody (mAb) discovery platform, with several approved
mAbs or those in clinical trials sourced from phage display. The tech-
nology is based on a direct linkage between phage phenotype and its
encapsulated genotype, leading to the presentation of molecule libraries
on the phage surface.51–53

5. Green chemistry

Also known as sustainable chemistry or circular chemistry, focuses on
the design of products and processes that minimize or eliminate the use
and generation of hazardous substances. It seeks to lessen the negative
impact of chemistry on the environment by reducing the use of non-
renewable resources and creating technology solutions for waste man-
agement. This field has led to the development of alternative sustainable
technologies and the establishment of 12 principles of green chemistry,
which provide a framework for making chemical processes and products
more environmentally friendly. Green chemistry has the potential to
revolutionize the pharmaceutical industry providing benefits both envi-
ronmentally and economically. The pharmaceutical sector is a major
global polluter, emitting 1.9 million tonnes of CO2 annually. To achieve a
sustainable, environmentally friendly way of drug development, pharma
companies require access to the latest research in the field. They must
innovate beyond traditional synthetic processes.54–66 Fig. 4 summarizes
the main principles of Green Chemistry in detail.

Green chemistry offers a framework for assessment, innovation, and
the discovery of more efficient procedures. It has been essential to the
pharmaceutical industry's ongoing progress. Precious metals, including



Fig. 4. The basic principles of Green Chemistry that can be applicable for the advancement of QSAR methods.65 Reprinted from Ref.65 [Current Research in Green and
Sustainable Chemistry], Copyright (2021), with permission from Elsevier.
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iridium, palladium, and platinum, are costly and uncommon, but their
production can be done in a way that has less of an impact on society, the
environment, and public health. The implementation of green chemistry
in green synthesis can be carried out by a comprehensive design of the
life cycle of the active pharmaceutical ingredient (API). Drug develop-
ment can benefit from the application of green chemistry principles by
selecting green solvents (preferably water) or no solvents at all, as well as
alternative reaction media. One-pot synthesis, multicomponent reactions
(MCRs), continuous processing, and process intensification approaches
for atom economy and final waste reduction can also be taken into
consideration.

The goals of green chemistry are to identify innovative ways to reduce
waste, conserve energy, and stop using harmful substances, as well as to
increase experiment efficiency by using greener chemicals, processes, or
products. In pharmaceutical research and development, the atom econ-
omy principle of green chemistry reduces the production of by-products,
which lowers the cost of storage and disposal. Green chemistry has been
essential to the pharmaceutical industry's ongoing progress since it offers
a framework for assessing, innovating, and identifying more efficient
processes. By optimizing resource efficiency in the synthesis process,
reducing risks and pollutants, and designing the API life cycle holisti-
cally, green chemistry can be executed in green synthesis.56

In recent years, the following are some examples of successful end
products and technologies that have gained popularity and recognition:

Green solvent: This method was utilized to synthesize sertraline
hydrochloride. A viable study revealed that a proof-of-concept was
conducted in 2004 by Pfizer, Inc., where the drug sertraline hydrochlo-
ride (C₁₇H₁₈C₁₃N), also referred to as Zoloft, was synthesized using a
conventional synthetic route and is a selective serotonin reuptake in-
hibitor used to treat depression. Metal salts like TiCl₄ and chemical re-
agents including toluene, hexane, and tetrahydrofuran (THF) were
consumed. A more green and selective procedure was obtained by
removing Pd/C catalyst and metal salts.57

Improved design ABT-546: The method by which endothelin is
produced. An excellent example is provided by the antagonist ABT-546.
A similar approach was used to create a cost-effective and selective cat-
alytic process technique. When prochiral starting material causes non-
linearity, this approach is typically the most successful one. The
racemic pyrrolidine core of ABT-546 was prepared via a polymerized
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method, although it needed to be resolved with D-tartaric acid after-
wards. Nevertheless, only 40% resolved tartrate salt was produced after
multiple recrystallizations.59–66

Green catalyst synthesis of Atorvastatin: Three biocatalytic en-
zymes, including keto-reductase, glucose dehydrogenase, and halohydrin
dehalogenase, enhance the yield and greatly minimize waste production
by regio-selectively reacting with the chiral intermediate hydroxyl nitrile
in the green catalyst synthesis of atorvastatin.67–73

6. Pharmaceutical sensor technologies (PST)

Pharmaceutical sensor technologies have undergone remarkable ad-
vancements in recent years, driven by the integration of cutting-edge
interdisciplinary approaches. The convergence of different aspects of
AI, ML, QSAR, combinatorial chemistry, and green chemistry with sensor
technologies has revolutionized the field, offering innovative solutions
for advancements in pharmaceutical drug development, environmental
monitoring, and healthcare diagnostics etc. Sensor/biosensor technolo-
gies are capable of providing qualitative and quantification information
about the active component in pharmaceutical formulations, analysis of
degradation products and metabolites in biological fluids, and efficacy,
potency and toxicological aspects This can accelerate the discovery and
production of new pharmaceuticals with quicker scanning and moni-
toring to fasten the drug development safely. AI in nanosensors and
biosensors can be used for the real-time monitoring of biomarkers, drug
levels, or disease progression. These sensors can provide continuous
feedback to healthcare providers, enabling timely interventions and
personalized treatment adjustments. AI-based monitoring systems may
analyze important process parameters in real time during pharmaceutical
product manufacture. AI algorithms can identify abnormalities and
forecast deviations and take quick action by combining data from sen-
sors, instruments, and process controls. Exploring the significant roles
that AI, ML, QSAR, combinatorial chemistry, and green chemistry play in
the recent advancements of pharmaceutical sensor technologies helps in
highlighting their synergistic impact on the industry.

AI and ML have revolutionized pharmaceutical sensor technologies
by providing sophisticated tools for data analysis, pattern recognition,
and predictive modeling. These technologies enhance pharmaceutical
sensor capabilities in several ways, one main effect includes
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enhancement data analysis and pattern recognition, where AI algorithms
process large datasets from pharmaceutical sensors, identifying patterns
and correlations that are not apparent through traditional analysis.79 For
instance, in pharmaceutical manufacturing, AI-driven sensors can
monitor complex processes in real-time, ensuring product quality and
consistency.80 Other beneficial aspects involve predictive maintenance
where ML models predict pharmaceutical sensor failures before they
occur, optimizing maintenance schedules and reducing downtime and
enhanced sensitivity and specificity.81 AI can be used to optimize the
design of electrochemical sensors to detect trace amounts of pharma-
ceutical contaminants in water supplies, ensuring environmental safety.
For instance, IBM's Watson has been used to enhance the performance of
biosensors in diagnosing diseases by analyzing sensor data to detect
biomarkers more accurately and rapidly than conventional methods.82

QSAR models predict the biological activity of compounds based on
their chemical structure. Integrating QSAR with pharmaceutical sensor
technologies enables the development of sensors that can detect specific
molecular interactions with high precision. QSAR helps design sensors
that are highly selective for specific pharmaceutical drugs or metabolites,
improving the accuracy of pharmaceutical assays.83 They can screen vast
libraries of compounds to identify potential drug candidates and their
interactions, which sensors can then monitor during drug development
and quality control. For instance, QSAR models have been used to
develop pharmaceutical sensors for detecting specific biomarkers in
cancer therapy, allowing for personalized treatment plans and moni-
toring therapeutic efficacy.84

Combinatorial chemistry involves the rapid synthesis and screening
of large libraries of compounds. When combined with pharmaceutical
sensor technologies, it accelerates drug discovery and development by
High-Throughput Screening where sensors integrated with combinato-
rial chemistry platforms can screen thousands of compounds simulta-
neously. It also aids in identifying promising drug candidates efficiently
and optimization of sensor materials, such as polymers or nanomaterials,
enhancing their performance characteristics, thereby reducing the time
required for diagnosis, treatment and production processes in
pharmaceuticals.85

Green chemistry principles aim to reduce the environmental impact
of chemical processes. In pharmaceutical sensor technologies, green
chemistry contributes to sustainable development by minimizing haz-
ardous waste and improving energy efficiency.86 It does so by developing
biodegradable or recyclable sensor materials which can reduce the
environmental footprint of sensor production and disposal and imple-
menting green chemistry principles in the manufacturing of sensors en-
sures that pharmaceutical production processes are more sustainable and
less polluting. One example involves the development of biosensors using
natural polymers, such as chitosan, aligns with green chemistry princi-
ples and provides an eco-friendly alternative to synthetic materials,
which can help excessively in the pharmaceutical sector in drug devel-
opment processes.87

The integration of AI, ML, QSAR, combinatorial chemistry, and green
chemistry creates powerful synergies in sensor technologies. For
instance, AI-driven QSAR models can predict the environmental impact
of pharmaceutical sensor materials, guiding the design of eco-friendly
sensors.88 Combinatorial chemistry can then be used to synthesize
these materials, while green chemistry principles ensure sustainable
production. An example of the same is a project combining these ap-
proaches led to the development of a new biosensor for detecting phar-
maceutical residues in wastewater. AI and QSAR models optimized the
sensor's selectivity, combinatorial chemistry identified the best materials,
and green chemistry ensured the production process is sustainable.89

These pharmaceutical sensors, emboldened with different aspects, not
only provides accurate monitoring of water quality but also aligns with
pharmaceutical and environmental sustainability goals. These advance-
ments illustrate the potential for interdisciplinary approaches to revo-
lutionize pharmaceutical sensor technologies, offering significant
benefits for both human health and the environment. As research
605
continues to progress, the integration of these fields will likely yield even
more innovative and effective solutions.

7. Future perspectives

The future role that AI integration in QSAR will play holds immense
promise for revolutionizing drug discovery and development processes.
Additionally, the inclusion of combinatorial and green chemistry prac-
tices is poised to significantly enhance pharmaceutical sensing technol-
ogy through the creation of highly sensitive and selective sensors. These
sensors can be highly capable of detecting minute quantities of target
compounds with unprecedented accuracy and speed.76 In QSAR
modeling, AI algorithms can analyze vast datasets to predict the bio-
logical activity and toxicity of chemical compounds, thereby stream-
lining the process of drug design and optimization. Combinatorial
chemistry, coupled with AI-driven optimization algorithms, offers the
potential to rapidly generate and screen large libraries of diverse mole-
cules, accelerating the discovery of novel drug candidates.77 Addition-
ally, AI can play a crucial role in guiding the design of greener and more
sustainable chemical processes in green chemistry, minimizing waste and
environmental impact while maximizing efficiency. By integrating AI
with these advanced technologies, the pharmaceutical industry can usher
in an era of more efficient, cost-effective, and environmentally friendly
drug development, ultimately leading to the discovery of safer and more
effective treatments for various diseases. In future endeavours, the
pharmaceutical industry should increasingly integrate practices associ-
ated with green chemistry along with combinatorial chemistry by means
of utilizing methods like QSAR to reduce its environmental footprint,
innovate beyond traditional synthetic processes, and adhere to the
principles of sustainability. By doing so, the industry can contribute to
global efforts to address environmental challenges and ensure a healthier
coexistence between pharmaceutical advancements and the well-being of
our planet. Future directions for QSAR include integration with other
computational methods, such as molecular docking and molecular dy-
namics simulations, to improve the accuracy of predictions. The incor-
poration of big data and machine learning to enhance the predictive
power of QSAR models can be done by enabling the analysis of large
datasets and the identification of complex relationships between chem-
ical structures and biological activities.

Furthermore, QSAR can be applied to new areas, such as environ-
mental toxicology and nanotoxicology, to predict the toxicity of chem-
icals and nanoparticles. The principles of green chemistry can be
incorporated into QSAR modelling to predict the environmental impact
of chemical compounds and to design more sustainable drug discovery
processes.74,75 The impact of combinatorial chemistry will be greatly
enhanced by synergy with ongoing parallel developments in genetic
technologies, screening technologies, and bioinformatics. The future of
combinatorial chemistry will provide a wealth of pre-clinical lead com-
pounds and potential drugs, shifting drug discovery from
time-consuming/labour-oriented synthesis to accelerated synthesis of a
multitude of compounds that can be screened and optimized quickly.78

The integration of AI, ML, QSAR, combinatorial chemistry, and green
chemistry, when integrated with advanced sensor technologies, can
create powerful synergies in pharmaceuticals. The advancements vividly
illustrated in Section 6, shows the transformative potential of interdis-
ciplinary approaches. This is poised to revolutionize pharmaceutical
sensors with profound benefits for overall human health and the sus-
tainability of pharmaceutical drug development and the effects on the
environment. As research continues to progress, the convergence of these
fields is expected to yield even more innovative and effective solutions.
However, it is important to acknowledge the limitations, drawbacks, and
associated challenges of these components. These aspects, which require
further consideration and application-specific exploration, have not been
covered in this review. Addressing these challenges will be crucial for
fully realizing the potential of these integrated technologies in the future.
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8. Conclusion

The extensive use of pharmaceuticals in human and veterinary
medicine has undoubtedly yielded significant benefits, enhancing health
outcomes, bolstering food production, and driving economic growth.
However, the inadvertent release of pharmaceutical residues into the
environment poses a substantial threat to ecosystems and biodiversity.
This article underscores the urgent need for a comprehensive strategy to
address these environmental challenges, harnessing advanced QSAR
modeling alongside the integration of AI and ML, combinatorial chem-
istry methodologies, and green chemistry principles. With the integration
of sophisticated AI and ML enhancements, these models can encompass
acute and chronic lethal concentrations, providing a quantitative POD for
robust risk assessment protocols. In the realm of pharmaceutical sensing
technology, AI-driven systems utilize sophisticated algorithms and ML to
analyze extensive chemical data repositories (predictive modeling),
which streamlines the optimization of drug candidates, and accelerates
the entire drug development pipeline. In this context, QSAR modeling
emerges as a crucial tool, capable of predicting ecological hazards even in
the absence of empirical data, thereby aiding in the prioritization of
chemicals lacking comprehensive toxicity information. Simultaneously,
combinatorial chemistry, renowned for its high-throughput synthesis
capabilities, expedites the creation of tailored molecules for widespread
testing across various sectors. Its impact extends to environmental policy,
prompting increased submissions of chemicals for meticulous review and
scrutiny. Furthermore, green chemistry assumes a central role in this
multifaceted approach, advocating for sustainable and environmentally
conscious practices throughout the pharmaceutical development process.
By prioritizing the development of low-toxicity pharmaceuticals, green
chemistry not only aligns with ecological imperatives but also fosters the
creation of safer products with reduced environmental footprints.

This integration of AI, ML, QSAR, combinatorial chemistry, and green
chemistry fosters effective and efficient developments in advancing the
PST and pharmaceutical industry. This interdisciplinary fusion not only
enhances the precision and efficiency of sensor design but also promotes
sustainable practices in pharmaceutical drug discovery and development.
The collaborative synergy among these innovative methodologies holds
immense promise for cultivating environmentally friendly products that
are both safer and inherently more sustainable. By reducing the usage of
toxic pharmaceuticals, these pioneering approaches aim to mitigate their
adverse environmental impact, laying the foundation for future sustain-
able advancements aimed at safeguarding public health and preserving
our invaluable environmental resources. By leveraging the strengths of
each field, the pharmaceutical industry can create more sensitive, accu-
rate, and environmentally friendly sensor technologies that has the po-
tential to significantly improve production outcomes and reduce the
ecological footprint of pharmaceutical manufacturing.
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