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The integration of Artificial Intelligence (AI) into chemical and allied sciences
represents one of the most profound transformations in contemporary research, bridging
computational intelligence with experimental innovation. This systematic review critically
examines 35 peer-reviewed studies published between 2015 and 2025, highlighting how Al
through machine learning (ML), deep learning (DL), and data-driven modeling has

revolutionized chemical discovery, materials design, pharmaceutical research, and sustainable
process development. The review adopts the PRISMA 2020 framework to ensure
methodological rigor and transparency. Findings reveal that Al significantly enhances predictive
modeling, molecular simulation, reaction optimization, and environmental monitoring. Techniques such
as Graph Neural Networks (GNNs), Convolutional Neural Networks (CNNs), and Reinforcement Learning
(RL) enable high-accuracy predictions of molecular properties, catalyst behaviors, and drug-target
interactions. Moreover, Al integration across disciplines such as materials science, computational biology,
and environmental chemistry has fostered an ecosystem of autonomous experimentation and intelligent
decision-making. Despite these advancements, challenges persist, including data heterogeneity, model
interpretability, computational resource limitations, and ethical concerns surrounding data privacy,
transparency, and algorithmic bias. The study concludes that the future of Al in chemical and allied
sciences depends on the development of explainable, domain-specific, and sustainable Al frameworks,
supported by interdisciplinary collaboration and ethical governance.
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1. Introduction

Artificial Intelligence (Al) has emerged as a
transformative paradigm across chemical and
allied sciences, enabling the transition from
manual experimentation to autonomous, data-
driven research. By integrating machine learning
(ML), deep learning (DL), and computational
modeling, Al accelerates hypothesis formulation,
experimental prediction, and process optimization
(Manna, Roy, Rahaman, & Maiti, 2023; Wong,
de la Fuente-Nunez, & Collins, 2023). In
computational chemistry, deep neural networks
and graph-based algorithms such as Graph Neural
Networks (GNNs) and Message Passing Neural
Networks (MPNNs) enhance molecular property
prediction, reaction pathway optimization, and
energy estimation (Zhao, Liu, & Zhang, 2024;
Olawade et al.,, 2025). Similarly, Al-driven
molecular simulations enable chemists to predict
reaction kinetics and thermodynamic properties
with  higher accuracy, thereby reducing
experimental costs and discovery time (Das etal.,
2024; Adetunla, Akinlabi, Jen, & Ajibade, 2024).

Al's influence extends deeply into
pharmaceutical and biomedical research, where it
enhances virtual screening, molecular docking,
and drug-target interaction analysis (Kopac,
2025; Bhatia, Khan, & Arora, 2024). Al-assisted
models such as Convolutional Neural Networks
(CNNs), Support Vector Machines (SVMs), and
Reinforcement Learning (RL) frameworks predict
pharmacokinetic properties and assist in toxicity
analysis (Gupta et al., 2024; Asif et al., 2025).
These advances, supported by bioinformatics and
cheminformatics platforms, have also contributed
to developing Al-guided protein-ligand modeling
and nanobiological interaction mapping (Jagli et
al.,, 2024). Al is now increasingly applied to
antimicrobial resistance management, where
predictive algorithms optimize treatment plans
and track drug resistance patterns (Mohammed
etal., 2025).

In materials science and nanotechnology,
Al enables intelligent design and optimization of
alloys, composites, and catalysts through
predictive data analytics (Das et al., 2024; Singh,
Agarwal, Bhardwaj, & Laxya, 2024). Self-driving
laboratories integrated with robotics, automation,
and Al are revolutionizing experimentation by
autonomously synthesizing and characterizing
new materials (Sadeghi et al., 2024). The
development of Al-catalyst pipelines further
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enhances the translation of laboratory innovations
into industrial-scale production (Li et al., 2025).
Hybrid computational models such as ARIMA-
LSTM frameworks are also utilized for chemical
kinetics and time-series forecasting (Babita,
Shukla, & Khamparia, 2024).

Al applications have rapidly expanded into
agrochemical and environmental domains,
facilitating predictive analytics in plant health,
pollution monitoring, and sustainable agriculture.
For instance, computer vision and fuzzy logic
methods aid in diagnosing plant diseases and
optimizing crop care (Munawar, Rajendiran, &
Sabjan, 2024; Pandey, Dubey, & Ahmed, 2024;
Ahmed, Dubey, & Pandey, 2024). Al-enhanced
green chemistry contributes to sustainable
reaction design, waste minimization, and
resource-efficient manufacturing (Yadav, Patel, &
Mehta, 2024). In environmental and sustainable
chemistry, Al supports modeling of carbon capture
and storage (CCS) processes, pollutant tracking,
and eco-efficient catalyst development (Sahith &
Lal, 2024; da Silva, 2024).

Al also plays a pivotal role in industrial and
laboratory safety, employing predictive analytics
to identify hazardous conditions and prevent
accidents  (Sangoremi, 2025). Through
automated monitoring and smart sensing systems,
Al ensures operational safety and compliance with
industrial  standards.  Simultaneously, in
cheminformatics and data science, Al accelerates
the management of large molecular databases,
enabling better insights through Quantitative
Structure-Activity Relationship (QSAR) and
Quantitative Structure-Property Relationship
(QSPR) modeling (Pritesh & Sandeep, 2024).
These advances have made chemical data analysis
faster, reproducible, and highly interpretable.

At the intersection of environmental
sustainability, health informatics, and chemical
process optimization, Al's contributions are now
shaping integrated global initiatives. For instance,
fuzzy data mining techniques and microbial data
intelligence are enhancing sustainability-focused
chemical production and predictive modeling
(Dwivedi, Pandey, & Saxena, 2024). Studies also
highlight the growing importance of multi-
disciplinary Al integration, where computational
chemistry collaborates with materials science,
biology, and environmental engineering to foster
cross-domain innovation (Silas, 2024; Trinkley
etal., 2024).
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Despite these advances, several challenges
persist. Many Al models rely on large, high-quality
datasets, which are often wunavailable in
experimental chemistry (Olawade et al., 2025;
Das et al., 2024). Moreover, most algorithms
function as “black boxes,” offering limited
interpretability and reproducibility (Gupta etal.,
2024). Ethical concerns—ranging from data
privacy and ownership to algorithmic bias—pose
additional challenges, especially in pharmaceutical
and industrial domains (da Silva, 2024;
Mohammed et al.,, 2025). Addressing these
requires domain-specific frameworks that ensure
transparency, reproducibility, and ethical
accountability (Trinkley etal.,2024; Adetunla et
al.,, 2024).

Finally, as the integration of Al continues to
reshape chemical and allied sciences, it becomes
vital to prepare the next generation of scientists
with the computational, ethical, and
interdisciplinary literacy necessary to operate in
Al-augmented environments. Educational reforms
and open-access learning platforms—such as
those demonstrated through Open Educational
Resources (OERs) and STEM-oriented Al
applications—play an essential role in developing
these competencies (Kumar & Mahendraprabu,
2021; Kumar & Mahendraprabu, 2022; Kumar,
Selvan, Mahendraprabu, Ganesan, Ramnath, &
Kumar, 2024; Mahendraprabu & Kumar, 2022;
Muniyasamy, Jeyshankar, & Kumar, 2022).
Integrating such inclusive educational practices
ensures that Al-driven scientific innovation
remains ethically grounded, globally accessible,
and socially responsible.

2. Statement of the Problem

Despite the rapid expansion of Artificial
Intelligence (Al) applications in chemical and
allied sciences, there remains a critical gap
between computational advancements and their
consistent, reproducible integration into
experimental research. Many existing studies
demonstrate the potential of Al for predictive
modeling, reaction optimization, and molecular
design, but their scalability and interpretability
remain limited due to fragmented datasets and
lack of standardized frameworks (Manna et al.,
2023; Olawade et al., 2025).

Furthermore, the absence of domain-
specific Al models capable of accurately handling
complex chemical reactions, multi-scale
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simulations, and sustainable process design
continues to hinder real-world deployment
(Adetunla etal., 2024; Zhao et al., 2024). Ethical
and infrastructural constraints—such as data
privacy, algorithmic bias, and limited accessibility
of high-quality training data—further restrict Al's
transformative potential in laboratory and
industrial settings (da Silva, 2024; Trinkley et
al.,, 2024).

Hence, there is an urgent need for a
systematic evaluation of how Al-driven tools are
currently leveraged across computational
chemistry, materials science, pharmaceutical
research, and sustainable chemical engineering.
This study addresses this gap by critically
reviewing recent literature to identify progress,
challenges, and future pathways for responsible Al
adoption in chemical and allied research fields.

3. Objectives of the Study

»  To examine the diverse applications of Al,
including machine learning, deep learning,
and data-driven modeling, in chemical,
pharmaceutical, and materials research.

»  Toidentify the significant contributions of
Al in enhancing computational chemistry,
drug discovery, and materials design
through  predictive analytics and
simulation.

» To explore the integration of Al-driven
systems, such as self-driving laboratories
and automation frameworks, for
sustainable and efficient experimentation.

» To assess the ethical, technical, and
methodological challenges affecting the
implementation of Al in chemical and allied
fields.

» To propose future directions and best
practices for developing interpretable,
sustainable, and domain-specific Al models
in chemical sciences.

4. Methodology of the Systematic Review

This systematic review was carried out
following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA
2020) framework to ensure methodological
transparency, consistency, and reproducibility.
The purpose of the review was to synthesize and
critically analyze the role of Artificial Intelligence
(AI) in chemical and allied sciences, with a focus
on its transformative impact across subfields such
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as computational chemistry, materials science,
pharmaceutical research, biomedical applications,
and sustainable chemical engineering.

A comprehensive search strategy was
employed to gather relevant literature published
between 2015 and 2025 from leading academic
databases including Scopus, Web of Science,
SpringerLink, ScienceDirect, IEEE Xplore, and
PubMed. The keywords used for the search

included “Artificial Intelligence,” “Machine
Learning,” “Deep Learning,” “Computational
Chemistry,” “Materials Science,” “Pharmaceutical
Applications,” “Automation,” “Sustainable

Chemistry,” and “Data-Driven Modelling.” Boolean
operators such as AND, OR, and NOT were utilized
to refine the search and retrieve the mostrelevant
studies. In addition to journal articles, relevant
book chapters and peer-reviewed conference
proceedings were also considered to ensure a
comprehensive coverage of the topic (Gupta etal.,
2024; Manna et al., 2023).

A total of 764 studies were initially
identified across all databases. After the removal
of duplicates, 601 records remained for title and
abstract screening. Studies were included if they
(1) focused on the application of Al in any field of
chemical or allied sciences, (2) provided
experimental, simulation-based, or computational
results, and (3) were published in English within
the specified time frame. Studies were excluded if
they (1) lacked Al integration or relevance to the
field, (2) were non-peer-reviewed reports or
editorials, or (3) presented incomplete or non-
reproducible data. After a thorough screening, 35
peer-reviewed articles were finalized for inclusion
in the review based on their methodological
quality, relevance, and contribution to the field
(Das et al., 2024; Adetunla et al., 2024;
Mohammed et al., 2025).

The review followed the standard PRISMA
selection process involving four phases:
identification, screening, eligibility, and inclusion.
During the identification phase, all search results
were compiled and duplicate records were
removed. Titles and abstracts were screened to
assess relevance, followed by full-text evaluations
to confirm eligibility. In total, 35 articles met all
the inclusion criteria and were subjected to
detailed review and synthesis. These studies
represented  diverse  domains, including
computational chemistry (Zhao et al., 2024;
Olawade et al, 2025), materials science
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(Adetunla et al., 2024; Das et al., 2024),
pharmaceutical research (Kopac, 2025; Bhatia et
al., 2024), and sustainable chemical engineering
(Sadeghi et al., 2024; Yadav et al., 2024). The
entire selection process was documented in a
PRISMA flow diagram to ensure clarity and
replicability.

A structured data extraction form was
developed to collect and organize essential
information from each study. The parameters
extracted included: (1) author(s) and year of
publication, (2) Al method or algorithm used, (3)
domain or sub-discipline of chemistry, (4)
research objectives and datasets utilized, (5)
outcomes and key findings, and (6) challenges or
limitations highlighted by the authors. Both
qualitative and quantitative synthesis approaches
were used. Thematic analysis was conducted to
identify recurring trends, methodologies, and
innovations in Al-driven chemical research.
Quantitative comparisons were not emphasized
due to variations in datasets and methodological
approaches among the included studies
(Mohammed et al., 2025; Sadeghi et al., 2024).

The methodological quality of all included
studies was assessed using the Modified
Newcastle-Ottawa Scale (NOS), which evaluates
study design, data integrity, transparency of
algorithms, and validation techniques. Studies that
achieved a moderate-to-high score were retained,
ensuring that all included works met scientific
reliability standards. Cross-verification among
authors ensured objectivity and reduced selection
bias. The credibility of each study was further
validated by confirming citation records and peer-
review status (da Silva, 2024; Trinkley et al,,
2024).

Since this review synthesized information
from published academic literature, no direct
ethical approval was necessary. However, ethical
guidelines were strictly followed by giving due
credit to all sources, ensuring accurate citation
practices, and maintaining research integrity
throughout the review process.

In summary, the inclusion of 35 peer-
reviewed studies provided a robust and
interdisciplinary foundation for analyzing the
evolution, application, and challenges of Al
integration in chemical and allied sciences. This
methodological approach ensured a
comprehensive understanding of how Al is
revolutionizing traditional chemical research
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paradigms and contributing to sustainable

innovation in science and industry.

IDENTIFICATION

Records identified from:
Scopus, Web of Science,
SpringerLink, ScienceDirect,
|EEE Xplore, Pubmed
(n=T764)

Manual reference checking (n=38)

l

Records identified
(n=802)

Records removed before
screening: Duplicates
removed (n= 201)

Records after duplicates
removed
(n=601)

Records excluded
(n=233)

Records screened
(n=601)

Full-text articles excluded

Full-text articl i
ull-text articies

Reason;
assessed for eligibibility Non-Al Focus

(n=368) Insufficient data

Poor methodolotgal quality

Studies included
in qualitative synthessis
(n=35)
Studies included in
quantitative synthesis

(meta-analysis)
(Not applicable

Figure 1. PRISMA Flow Diagram of Study
Selection Process

5. Conceptual and Theoretical Framework
The conceptual and theoretical framework
of this systematic review establishes the
foundation for understanding how Artificial
Intelligence (Al) functions as both a computational
and cognitive system within the domains of
chemical and allied sciences. It conceptualizes Al
as a transformative scientific paradigm that
integrates computational learning, data analytics,

and experimental chemistry to accelerate
discovery, enhance precision, and promote
sustainability in research and industrial
applications.

Conceptually, this framework is built upon
the data-algorithm-application triad, where vast
chemical data serve as inputs for intelligent
algorithms that generate predictive and
prescriptive  outcomes. Al  algorithms—
particularly machine learning (ML) and deep
learning (DL) models—learn from large-scale
datasets such as molecular structures, reaction
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kinetics, and spectral data to identify underlying
relationships that are often imperceptible through
traditional experimental methods (Zhao et al.,
2024; Manna etal., 2023). Within this triad, data
represent the foundation of knowledge, algorithms
represent the analytical intelligence, and
applications translate insights into real-world
advancements in areas like drug discovery,
materials design, and green chemistry (Olawade
etal,, 2025; Yadav et al,, 2024).

Theoretically, the framework is grounded
in Computational Learning Theory and the
Systems Theory of Scientific Innovation.
Computational Learning Theory explains how Al
models generalize from chemical data to predict
unknown molecular behaviors or properties using
iterative optimization processes (Gupta et al,,
2024; Kopac, 2025). In contrast, Systems Theory
provides a macro-level understanding of Al as part
of a broader innovation ecosystem—where
technological, cognitive, and experimental systems
interact to create new forms of knowledge
(Sadeghi etal., 2024; Das etal., 2024). Together,
these theories portray Al as not merely an
analytical tool but as an evolving intelligent
collaborator that transforms the way scientists
approach hypothesis formulation,
experimentation, and data interpretation.

In this framework, Al integration follows a
layered process consisting of four major stages.
The Input Layer involves data acquisition from
various chemical sources, including molecular
databases, spectroscopic results, and simulation
outputs. The Processing Layer represents the
application of Al and ML algorithms—such as
Artificial Neural Networks (ANN), Convolutional
Neural Networks (CNN), and Support Vector
Machines (SVM)—that process and analyze the
data to identify trends and generate predictive
outcomes. The Application Layer translates these
computational predictions into practical uses, such
as optimizing reaction conditions, designing
catalysts, or identifying new drug molecules.
Finally, the Feedback Layer enables continuous
learning through model refinement, validation,
and retraining using experimental data, thereby
improving predictive accuracy over time
(Adetunlaetal., 2024; Mohammed et al., 2025).

This interconnected process reflects the
cyclical and adaptive nature of Al-driven scientific
inquiry, where models are continuously improved
based on empirical evidence and domain-specific
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feedback. The conceptual framework thus
positions Al as an interdisciplinary bridge linking
computational models with practical laboratory
innovations. [t enables chemistry to evolve from a
traditionally empirical field into a data-intensive
and predictive discipline, fostering sustainable
practices and precision-driven experimentation
(da Silva, 2024; Sadeghi et al., 2024).

Overall, this theoretical orientation
underlines that the successful integration of Al in
chemical and allied sciences depends on
harmonizing computational efficiency, scientific
insight, and ethical responsibility. Through this
lens, Al is not only a technological instrument but
also a knowledge-generating system that
empowers researchers to explore, simulate, and
innovate in ways that redefine the boundaries of
modern chemistry.

ARTIFICIAL INTELLIGENCE
Data-Algorithm-Application Triad

Input Layer

Reaction Prediction

Processing Layer T T

Meural Networks, Machine Learning Algorithms

T Deep [-eaning
Application Layer

Nuneur! Networks, Catalyst Design

Simulation Outputs

Feedback Layer

Figure 2. Conceptual Framework of Al
Integration in Chemical and Allied Sciences
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6. Applications of Artificial Intelligence in
Chemical and Allied Sciences

Artificial Intelligence (AI) has become an
indispensable tool in the advancement of chemical
and allied sciences, revolutionizing research
methodologies, experimentation, and innovation.
Its interdisciplinary applications span across
computational chemistry, pharmaceutical and
biomedical research, materials science,
cheminformatics, and sustainable environmental
chemistry. Each domain utilizes Al to enhance
precision, reduce experimental costs, and enable
the prediction of molecular behaviors that were
previously unapproachable through conventional
techniques.

6.1. Al in Computational and Theoretical
Chemistry

In computational chemistry, Al facilitates
the modeling of molecular structures, reaction
mechanisms, and thermodynamic properties.
Through deep learning algorithms and neural
networks, chemical interactions can be simulated
with remarkable accuracy, allowing for the rapid
screening of potential compounds. Models such as
Graph Neural Networks (GNNs) and Deep
Reinforcement Learning (DRL) have been applied
to predict molecular energies, optimize reactions,
and identify new compounds (Zhao et al., 2024;
Olawade et al., 2025). This integration
significantly reduces the reliance on time-
intensive quantum mechanical calculations while
improving predictive reliability.

Table 1. Representative Al Applications in Computational Chemistry

Domain / Focus | Al Technique or | Key Objectives Key Outcomes / Representative
Area Model Findings References
Molecular Graph Neural Predict molecular | Achieved near ab- | Zhao, Liu, &
Property Networks energy levels, initio accuracy Zhang (2024);
Prediction (GNNs), Message | bond lengths, and | with reduced Olawade et al.
Passing Neural electron density | computational (2025)
Networks time
(MPNNs)
Reaction Deep Identify optimal Improved Manna et al.
Mechanism Reinforcement reaction prediction of (2023); Adetunla
Simulation Learning (DRL), | pathways and reaction kinetics etal. (2024)
Recurrent Neural | intermediates and yield
Networks optimization
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(RNNs)
Quantum Chemical | Artificial Neural | Approximate Reduced need for | Dasetal. (2024);
Modeling Networks quantum density functional | Olawade etal.
(ANNs), Gaussian | mechanical theory (DFT) (2025)
Process energy surfaces calculations
Regression (GPR) | and potentials
Molecular Convolutional Analyze Enhanced Gupta et al.
Dynamics and Neural Networks | vibrational interpretation of (2024); Zhao et al.
Spectroscopy (CNNs) spectra and time- | spectroscopic data | (2024)
Analysis dependent and simulation
structural validation
changes
Predictive Bayesian Optimize Enabled faster Lietal. (2025);
Catalysis and Optimization, catalysts and catalyst screening | Yadav, Patel, &
Reaction Random Forests | reaction and eco-efficient Mehta (2024)
Optimization (RF), Support parameters process design
Vector Machines
(SVM)
Automated Generative Generate new Discovered novel | Sadeghi et al.
Molecular Design | Adversarial molecular compounds with (2024); Das et al.
Networks structures and targeted (2024)
(GANSs), functional physicochemical
Variational materials properties
Autoencoders
(VAEs)
Energy and Hybrid ARIMA- Forecast chemical | Achieved high Babita, Shukla, &
Thermodynamic LSTM Models kinetics and predictive Khamparia
Predictions thermodynamic accuracy for (2024); Olawade
stability reaction time- etal. (2025)
series data
Computational Deep Neural Predict molecular | Improved safety Bhatia, Khan, &
Toxicology Networks toxicity and profiling and Arora (2024);
(DNNs), bioactivity reduced animal Mohammed et al.
Ensemble testing (2025)
Learning requirements
Cheminformatics Support Vector Model structure- | Enabled rapid Pritesh &
and QSAR/QSPR Machines activity and chemical Sandeep (2024);
Modeling (SVMs), Decision | structure- screening and Gupta et al.
Trees (DTs), property virtual testing (2024)
Random Forests | relationships
(RF)
Automated Data Al-integrated Automate Enhanced Adetunla et al.
Interpretation and | Quantum simulation reproducibility (2024); Sadeghi
Workflow Chemical workflows and and accelerated etal. (2024)
Optimization Software, data management | chemical
Reinforcement discovery
Learning (RL)
Agents
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6.2. Al in Pharmaceutical and Biomedical Research
Al-driven techniques have dramatically transformed drug discovery and pharmacological research
by enabling virtual screening, molecular docking, and property prediction. Algorithms analyze large
chemical databases to identify lead compounds, optimize bioactivity, and reduce adverse effects. Al
models such as Convolutional Neural Networks (CNNs) and Support Vector Machines (SVMs) have proven
highly effective in predicting drug-target interactions and accelerating pre-clinical research (Kopac,
2025; Bhatia et al., 2024). Furthermore, Al-guided nanobiological modeling aids in understanding
protein-ligand interactions and the design of nanocarrier systems for targeted delivery, thereby
advancing personalized medicine (Gupta et al., 2024).

oo
DATA DATA MOLECULAR S LEAD S AU \To VI 2
COLLECTION » SOETON M TRANING | GENERATION I OPTIMIZATION MR TR S AEERIVAL
Structural Data Training of Al-driven creation tivity and In vitro and Regulatory
and biological normalizaction predictive of novel ; in vivo review and
data acquisition ard feature Al models compounds ptimizatior studies market launch

extraction

Figure 3. Workflow of Al-Driven Drug Discovery and Design

6.3. Al in Materials Science and Nanotechnology

In materials science, Al plays a central role in materials discovery, structural optimization, and
property prediction. Machine learning algorithms analyze structure-property relationships to design
high-performance materials for electronics, catalysis, and energy storage (Adetunla etal., 2024; Das et
al.,2024).Deep generative models have been used to design novel alloys, composites, and catalysts with
desired physical and chemical characteristics. Self-driving laboratories equipped with Al-based
automation tools perform autonomous synthesis and testing, significantly enhancing the pace of materials
innovation (Sadeghi et al., 2024).

Appeared: Leveraged Confirmed Deep learning Future: expansion
using neural genetic  the potential algorithm applied of Al applications
networks to algorithms of machine to predict properties in materials

solve materials optimization learning in of materials science
problems [7] materials [10] [12]
[6] modeling

| (8]
1990 2008 2014 2018 2020 2025
| | |

Confirmed Used Al to Developed Al system
the potentialof discover new for the autonomous
machine learning thermoelectric synthesis of materials
materials modeling materials [11]
8] [9]

Figure 4. Timeline of Al Evolution in Materials Science (1990-2025)

6.4. Al in Cheminformatics and Data Analytics
Alhas become a backbone in cheminformatics, where it supports molecular database management,
structure-activity relationship (SAR) analysis, and toxicity prediction. Techniques such as Quantitative
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Structure-Activity Relationship (QSAR) and Quantitative Structure-Property Relationship (QSPR) models
powered by ML allow chemists to predict compound efficacy and environmental safety before synthesis
(Manna et al., 2023; Zhao et al., 2024). Al also automates chemical data curation, enabling faster

insights from high-throughput experimental results.

Table 2. Al-Based Cheminformatics Tools and Applications

Tool / Underlying | Primary Key Application | Distinctive Representativ
Platform Al Function Areas Features / e References
Technique Advantages
DeepChem Deep Molecular Drug discovery, | Open-source | Zhao, Liu, &
Learning representation | molecular Python Zhang (2024);
(Graph learning, docking, library Gupta et al.
Convolutiona | property bioactivity integrating (2024)
I Networks, prediction, prediction TensorFlow;
Recurrent QSAR/QSPR supports
Neural modeling molecular
Networks) featurization
and model
benchmarkin
g
ChemProp Graph Neural | Predicting Computational High accuracy | Manna et al.
Networks physicochemica | chemistry, in small- (2023); Das et
(Message 1 and biological | toxicology,drug | molecule al. (2024)
Passing properties of metabolism property
Neural molecules prediction;
Networks) supports
uncertainty
quantification
RDKit + scikit- | Machine Descriptor Cheminformatics | Integrates Olawade et al.
learn Learning generation, , QSAR analysis, | chemical (2025); Yadav,
Framework (Random molecular materials descriptors Patel, & Mehta
Forests, SVM, | similarity discovery with ML (2024)
Gradient search, and pipelines;
Boosting) virtual efficient for
screening high-
throughput
analysis
AutoQSAR Automated Building Pharmaceutical Automated Bhatia, Khan,
(Schrodinger) | Machine QSAR/QSPR modeling, model & Arora
Learning models without | toxicity selectionand | (2024); Kopac
(AutoML) manual feature | prediction validation (2025)
selection with minimal
user
intervention
MoleculeNet | Deep Benchmarking | Data Provides Das et al.
Learning ML and DL standardization, | curated (2024); Zhao
(Benchmark | models for model datasetsand | etal. (2024)
Dataset molecular validation, evaluation
Framework) | property reproducibility | metrics;
prediction ensures
cross-study
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comparability
Alchemy and | Graph Material Materials Combines Adetunla et al.
MatDeepLear | Convolutiona | property informatics, crystal graph | (2024);
n I Neural predictionand | computational features with | Sadeghi et al
Networks structural nanoscience ML
optimization algorithms
for improved
accuracy

6.5. Al in Environmental and Sustainable Chemistry

Al contributes significantly to sustainability by promoting green chemistry and optimizing
resource use in chemical industries. Predictive models are applied to minimize waste, reduce emissions,
and design environmentally benign reactions (Yadav etal., 2024). In environmental chemistry, Al assists
in monitoring pollutants, predicting chemical degradation pathways, and developing energy-efficient
catalysts. Furthermore, Al-driven carbon capture and storage (CCS) systems utilize predictive analytics
for process optimization, aiding global sustainability efforts (Sahith & Lal, 2024; da Silva, 2024).

6.6. Al in Industrial Safety and Laboratory Automation

In laboratory environments, Al supports risk assessment, process control, and automation. Smart
laboratory systems equipped with sensors and predictive analytics can detect anomalies, prevent
accidents, and ensure compliance with safety standards (Sangoremi, 2025). Self-optimizing
experiments—integrating robotics and Al—enable real-time monitoring, data-driven adjustments, and
autonomous decision-making, reducing human error and improving reproducibility in chemical research.

Collectively, these applications illustrate Al’s transformative potential in bridging computational
predictions with experimental practices. By enabling predictive modeling, precision synthesis, and
sustainable innovation, Al has redefined the scope and methodology of modern chemical research, paving
the way for an era of intelligent and autonomous scientific discovery.

Green
Chemistry

Al
Applications

Figure 5. Network Diagram of Al Applications Across Industrial and Environmental Domains

research is conducted, analyzed, and translated
into practical applications. Al’s ability to process
large, multidimensional datasets and identify
complex patterns enables interdisciplinary

7. Integration of Al Across Allied Disciplines
The integration of Artificial Intelligence

(AI) across allied disciplines in the chemical

sciences has created a paradigm shift in how
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collaboration between chemistry, biology,
materials science, environmental engineering, and
data analytics. This cross-disciplinary integration
enhances scientific productivity, innovation, and
sustainability across both research and industry.

Al has revolutionized materials science by
facilitating data-driven materials discovery,
structural optimization, and property prediction.
Traditional trial-and-error experimentation has
been replaced by predictive modeling that enables
faster identification of optimal compositions and
performance characteristics. For example,
machine learning algorithms such as Random
Forests and Neural Networks are employed to
predict material behaviors like conductivity,
elasticity, and catalytic activity based on atomic
structures (Adetunla et al., 2024; Das et al,,
2024). Deep generative models and Bayesian
optimization frameworks are further utilized to
design novel alloys, polymers, and
nanocomposites with desired functionalities. Al-
integrated self-driving laboratories enhance
experimentation efficiency by autonomously
conducting synthesis and testing cycles, reducing
costs and time (Sadeghi et al., 2024).

In pharmaceutical and biomedical research,
Al plays an indispensable role in drug discovery,
molecular modeling, and clinical optimization.
Machine learning algorithms accelerate the
identification of drug candidates by screening
chemical libraries for molecules with desired
pharmacological profiles (Kopac, 2025; Bhatia et
al.,2024).Deep learning-based generative models
predict molecular structures and simulate
pharmacokinetic properties, helping researchers
develop more effective and safer drugs.
Additionally, Al-based protein-ligand interaction
models and predictive toxicity analytics aid in
designing targeted therapies. In clinical pharmacy,
Al enhances operational efficiency, ensuring
precision medicine and personalized treatment
planning (Asif et al., 2025).

Al's  contribution to environmental
chemistry centers on sustainability and eco-
efficiency. By integrating data-driven monitoring
systems with predictive analytics, Al helps model
pollutant behavior, optimize waste treatment
processes, and forecast chemical degradation
pathways in ecosystems (Yadav et al.,, 2024;
Sahith & Lal, 2024). In carbon capture and
storage (CCS), machine learning techniques
identify optimal sorbent materials and simulate
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capture efficiency under varying environmental
conditions. Moreover, Al enhances green
chemistry  practices, where  algorithmic
optimization reduces energy consumption, waste,
and the use of hazardous reagents (da Silva,
2024).

The integration of Al in computational
biology allows for predictive modeling of
molecular interactions and enzyme mechanismes,
bridging chemistry and life sciences. Neural
networks are applied to understand biochemical
pathways and predict protein folding, while
reinforcement learning algorithms assist in
simulating metabolic and signaling networks
(Gupta et al., 2024; Wong et al.,, 2023). These
advances enable the rational design of
bioengineered enzymes and biomaterials that
have direct applications in drug synthesis and
industrial bioprocesses.

In chemical process engineering, Al
optimizes reaction control, process simulation,
and safety management. Real-time data from
sensors and reactors are processed by Al-driven
control systems to maintain optimal conditions
and prevent failures. Techniques such as fuzzy
logic, reinforcement learning, and digital twins are
used for predictive maintenance, energy
optimization, and sustainable manufacturing
(Sangoremi, 2025). The integration of Al with
robotics has further enabled autonomous process
plants, leading to safer, more efficient, and
intelligent production environments.

Across all allied disciplines, data
informatics serves as the connective framework
linking diverse Al applications. Al-powered
cheminformatics and bioinformatics platforms
manage, analyze, and visualize complex datasets,
enabling cross-domain knowledge transfer. By
combining chemical, biological, and environmental
data into unified databases, researchers can
develop integrated predictive models that bridge
multiple scientific fields (Dwivedi et al., 2024).
This convergence enhances the reproducibility,
transparency, and interpretability of research
outcomes.

The true strength of Al lies in its holistic
integration—bringing together distinct scientific
fields under a unified computational and analytical
framework. Through this interdisciplinary
approach, Al fosters a culture of innovation where
chemical, biological, and physical processes are
understood not as isolated systems but as
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interconnected phenomena. This synergy
contributes to achieving broader goals such as
sustainability, precision research, and
technological innovation in line with the UN
Sustainable Development Goals (SDGs) (Trinkley
etal., 2024; da Silva, 2024).

8. Comparative Analysis of Techniques and
Models

Artificial Intelligence (Al) has emerged as a
multidisciplinary enabler in chemical and allied
sciences, offering a variety of computational
models and algorithms suited to diverse research
objectives. This section presents a comparative
analysis of the most prevalent Al techniques and
models used across sub-disciplines such as
cheminformatics, materials science,
pharmacology, and environmental chemistry. The

analysis focuses on model characteristics,
advantages, limitations, and suitability for
different types of chemical datasets and
applications.

Machine learning represents the backbone
of Al applications in chemistry. Supervised
learning models like Support Vector Machines
(SVM), Random Forests (RF), and Decision Trees
(DT) are extensively applied for classification and
regression tasks—such as predicting reaction
outcomes, solubility, or molecular stability (Gupta
et al., 2024; Olawade et al.,, 2025). These
algorithms learn from labeled datasets to establish
correlations between molecular descriptors and
experimental results.
In contrast, unsupervised learning models such as
K-means clustering and Principal Component
Analysis (PCA) are used for pattern detection,
dimensionality reduction, and molecular
clustering based on chemical similarity (Manna et
al.,, 2023). These techniques are particularly
valuable in exploring large chemical spaces where
prior labeling or outcomes are unavailable. While
ML models are easy to train and interpret, their
predictive accuracy often depends on feature
engineering and data quality, limiting performance
when dealing with nonlinear chemical systems or
unstructured molecular data.

Deep learning has introduced a
transformative shift in molecular prediction,
structure generation, and property estimation.
Artificial Neural Networks (ANNs), Convolutional
Neural Networks (CNNs), and Recurrent Neural
Networks (RNNs) can automatically extract
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complex hierarchical features from raw chemical
data (Zhao et al., 2024; Kopac, 2025). For
instance, CNNs are effective in analyzing
spectroscopic images or crystal structures, while
RNNs excel in modeling sequential molecular
reactions or time-dependent simulations. More
recently, Graph Neural Networks (GNNs) have
gained prominence for representing molecules as
graphs—nodes (atoms) and edges (bonds)—
providing an accurate representation of chemical
topology. GNN-based architectures such as
Message Passing Neural Networks (MPNN) have
demonstrated superior accuracy in predicting
molecular energies, binding affinities, and reaction
kinetics (Das et al., 2024; Adetunla etal., 2024).
Although deep learning models offer exceptional
predictive capabilities, they require large datasets
and high computational resources, and their
interpretability remains a significant challenge for
scientific transparency.

Recent research trends favor hybrid Al
models, which combine the strengths of multiple
algorithms to enhance performance. For example,
ARIMA-LSTM hybrid models merge statistical and
neural learning techniques to improve time-series
predictions in  chemical kinetics and
environmental monitoring (Babita et al., 2024).
Similarly, ensemble learning approaches—such as
Gradient Boosting or Random Forest ensembles—
integrate multiple weak learners to enhance
robustness and reduce overfitting.
In materials design, hybrid models combining
Bayesian optimization with machine learning
allow iterative experimentation and real-time
decision-making in self-driving laboratories
(Sadeghi et al., 2024). These adaptive systems
outperform single-model frameworks by
dynamically learning from feedback and updating
predictions for better material property
optimization.

Reinforcement Learning (RL) introduces
intelligent decision-making by training agents to
optimize chemical or physical processes through
trial and error. It has been applied in reaction
optimization, catalyst design, and process control,
where the algorithm iteratively learns the best
strategy based on rewards or penalties (Li et al.,
2025). Similarly, Genetic Algorithms (GA) and
Particle Swarm Optimization (PSO) are used for
global optimization of molecular geometries,
reaction pathways, and synthesis planning.
These models simulate natural evolutionary
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processes, enabling the discovery of optimal
molecular configurations that meet multiple
constraints simultaneously (Yadav et al., 2024).
However, their convergence speed and
computational cost remain significant bottlenecks.

9. Challenges, Limitations, and Ethical
Considerations

Despite its transformative impact on
chemical and allied sciences, the integration of
Artificial Intelligence (AI) faces numerous
technical, methodological, ethical, and practical
challenges. While Al enhances data interpretation,
experimental automation, and discovery speed, its
implementation still encounters barriers related to
data quality, model transparency, reproducibility,
and ethical accountability. This section examines
these challenges comprehensively to highlight the
need for responsible and sustainable Al
deployment in scientific research.

A major obstacle in Al-driven chemical
research lies in data availability and
standardization. Many chemical and biological
datasets are heterogeneous, incomplete, or
inconsistent, limiting the accuracy and
generalization of Al models (Zhao et al., 2024;
Gupta et al.,, 2024). Data from spectroscopy,
molecular simulations, and reaction experiments
often exist in diverse formats and scales, making
integration  across disciplines difficult.
Furthermore, most Al algorithms—particularly
deep learning and graph-based models—require
large, high-quality datasets for training. In
chemistry, where experimental data are expensive
and time-consuming to generate, data scarcity
becomes a significant constraint (Manna et al.,
2023).  Another limitation is  model
interpretability. Complex models such as neural
networks and ensemble algorithms act as “black
boxes,” providing predictions without clear
explanations of how results are derived (Olawade
et al., 2025). This opacity undermines scientific
trust and reproducibility, both of which are vital in
research contexts.

Additionally, model generalization and
transferability remain key issues. Al models
trained on specific datasets often fail when applied
to new chemical domains or different
experimental conditions. The absence of
standardized benchmark datasets and validation
frameworks hinders consistent performance
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assessment across laboratories and studies (Das
etal., 2024; Li et al., 2025).

The deployment of Al in computational
chemistry, materials science, and pharmacology
requires substantial computational infrastructure
and financial resources. Training deep learning
architectures such as Graph Neural Networks
(GNNs) or transformer models involves high
processing power and memory demands (Sadeghi
etal., 2024). This creates accessibility barriers for
small research institutions or developing
countries, where infrastructure and funding are
limited. Furthermore, high-performance
computing often leads to energy-intensive
operations, raising sustainability concerns about
the carbon footprint of large-scale Al research
(Yadav et al., 2024). As chemical sciences
increasingly adopt Al, balancing computational
efficiency with environmental responsibility
becomes essential.

Ethical challenges surrounding Al in
chemical sciences extend beyond technical
limitations. The ethical use of data, bias in
algorithms, and accountability in Al-generated
discoveries are growing concerns (da Silva, 2024;
Trinkley et al.,, 2024). Al models trained on
biased or unrepresentative datasets may produce
skewed predictions, potentially influencing
chemical safety evaluations, environmental impact
assessments, or drug efficacy studies. Moreover,
questions arise regarding intellectual property
(IP) and authorship—especially when Al
autonomously contributes to  hypothesis
generation or compound discovery. Current
regulatory frameworks have yet to define clear
guidelines for ownership and credit in Al-assisted
research.

Another emerging ethical issue is data
privacy and cybersecurity, particularly in
pharmaceutical and industrial chemistry. Sensitive
molecular data, proprietary formulations, and
clinical datasets require stringent protection to
prevent misuse or unauthorized access
(Mohammed et al., 2025). Ensuring data
integrity and confidentiality must therefore be a
central principle in Al research governance.

Al models often exhibit limited
reproducibility due to differences in dataset
preprocessing, hyperparameter tuning, or
software environments. Lack of transparent
reporting standards, such as open-access datasets,
reproducible code, and validation protocols,
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further complicates replication efforts (Adetunla
et al,, 2024).
In experimental chemistry, reproducibility also
depends on experimental noise, instrument
variability, and laboratory-specific factors.
Consequently, integrating Al models with real-
world experimental validation remains a
demanding task, requiring continuous human
oversight and domain expertise.

To ensure responsible Al implementation,

global initiatives such as FAIR Data Principles
(Findable, Accessible, Interoperable, Reusable)
and PRISMA reporting standards are being
adapted for computational research (Sadeghi et
al., 2024). Researchers advocate for Explainable
Al (XAI) frameworks that enhance transparency,
allowing chemists to interpret how Al-derived
predictions align with established chemical
theories.
Additionally, developing ethical Al guidelines
specific to chemical and allied sciences—covering
topics such as bias detection, accountability,
environmental sustainability, and data
stewardship—will be crucial for maintaining
public trust and scientific integrity.

10. Discussion

The integration of Artificial Intelligence
(AI) in chemical and allied sciences marks a
transformative erain research, where data-driven
intelligence complements human scientific
reasoning. Through machine learning (ML), deep
learning (DL), and automation, Al has redefined
the precision, speed, and scope of chemical
investigations. This discussion synthesizes the
findings of various studies, highlighting Al's role in
revolutionizing discovery, addressing limitations,
and shaping future scientific paradigms.

Al's most notable contribution lies in its
capacity for predictive modeling and automated
experimentation. Traditional chemistry, once
dependent on manual experimentation and
limited datasets, now benefits from computational
prediction of molecular properties, reaction
pathways, and material performance (Zhao etal.,
2024; Olawade et al., 2025). Algorithms such as
Graph Neural Networks (GNNs) and Deep
Reinforcement Learning (DRL) simulate molecular
interactions with extraordinary accuracy, thereby
accelerating compound discovery and
optimization (Adetunla et al., 2024; Das et al.,
2024). This paradigm shift toward predictive and
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prescriptive chemistry replaces the conventional
trial-and-error  approach  with intelligent
hypothesis generation, improving experimental
efficiency and reducing resource waste.

Al's integration across allied disciplines—
such as materials science, pharmacology, and
environmental chemistry—demonstrates its
interdisciplinary adaptability. In materials science,
Al facilitates data-driven discovery of advanced
polymers, nanomaterials, and catalysts (Sadeghi
et al., 2024). In pharmaceutical sciences, Al
enables virtual screening, drug design, and toxicity
prediction, thereby enhancing precision medicine
and patient safety (Kopac, 2025; Bhatia et al.,,
2024). Similarly, in environmental chemistry, Al
models contribute to green chemistry innovations,
pollution monitoring, and carbon capture
optimization, aligning chemical research with
global sustainability goals (Yadav et al., 2024;
Sahith & Lal, 2024).

Despite these advancements, the discussion
must also recognize persistent technical and
ethical challenges. Complex algorithms often
function as “black boxes,” generating outputs
without transparent reasoning, which undermines
reproducibility and scientific trust (Gupta et al.,
2024; Manna et al., 2023). Moreover, Al's
dependence on vast, high-quality datasets creates
inequities between resource-rich and resource-
limited research institutions. Ethical dilemmas
related to data ownership, algorithmic bias, and

intellectual  accountability are becoming
increasingly relevant, demanding robust
governance  frameworks for  Al-assisted

discoveries (da Silva, 2024; Mohammed et al.,
2025).

Another critical discussion point involves
the evolving role of scientists in Al-driven
research. Instead of replacing human expertise, Al
enhances it—allowing chemists to focus on
conceptual interpretation and creative innovation
while delegating repetitive computational tasks to
intelligent systems. This human-machine
symbiosis fosters a new research culture
characterized by autonomous experimentation,
continuous learning, and interdisciplinary
collaboration. However, effective utilization of Al
still depends on researchers possessing dual
competencies in chemistry and data science, an
area requiring curriculum innovation and
professional training (Trinkley et al., 2024).
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In summary, the discussion underscores
that Al's transformative potential in chemical and
allied sciences is both technological and
epistemological. It redefines how knowledge is
produced, validated, and applied—moving from
descriptive science toward predictive, adaptive,
and sustainable research ecosystems. The ongoing
challenge lies not in whether Al can enhance
chemical research, but in how responsibly and
equitably it is integrated into scientific practice.
When coupled with transparent data governance,
ethical regulation, and interdisciplinary education,
Alholds the promise to propel chemical and allied
sciences into a new era of intelligent discovery and
societal relevance.
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Figure 7. Publication Trend and Research
Growth (2015-2025)

11. Future Directions

The future of Artificial Intelligence (Al) in
chemical and allied sciences is positioned at the
intersection of technological innovation,
sustainability, and ethical responsibility. Building
upon the progress achieved over the past decade,
future directions must focus on improving model

interpretability, enhancing interdisciplinary
collaboration, developing sustainable
computational frameworks, and ensuring

equitable access to Al-driven technologies. These
strategic advancements will determine how Al
continues to reshape chemical research, industrial
practices, and educational paradigms.

A critical future direction lies in the
development of Explainable Artificial Intelligence
(XAI) frameworks that enhance model
transparency and scientific interpretability.
Current deep learning models, though powerful,
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often function as “black boxes” with limited
understanding of how predictions are generated
(Gupta et al., 2024; Zhao et al., 2024). Future
systems must integrate chemistry-aware
interpretability tools, allowing researchers to
correlate Al predictions with mechanistic chemical

principles. Techniques such as Layer-wise
Relevance Propagation (LRP), SHAP (SHapley
Additive exPlanations), and LIME (Local

Interpretable Model-Agnostic Explanations) can
provide more transparent insights into chemical
property prediction, enabling greater confidence
and reproducibility in Al-driven research.

The next phase of Al research should focus
on customized, domain-specific models designed
for subfields such as catalysis, polymer chemistry,
electrochemistry, and nanoscience. Generic
models often fail to capture the unique physical
and molecular dynamics of specific chemical
systems. Future studies should emphasize
chemistry-informed neural networks (CINNs) and
physics-guided machine learning, where chemical
rules, conservation laws, and thermodynamic
principles are embedded into the model structure
(Olawade et al., 2025; Das et al,, 2024). Such
integration will reduce overfitting, enhance
accuracy, and make Al predictions more
scientifically meaningful.

Emerging synergies between Al, quantum
computing, and robotics are expected to redefine
the future of chemical discovery. Quantum
machine learning (QML) can process complex
quantum data to simulate atomic-level
interactions that classical algorithms cannot
efficiently model (Lietal.,2025). Combining QML
with Al can accelerate reaction mechanism
prediction and molecular optimization at an
unprecedented scale. Additionally, the integration
of Al-driven robotics will facilitate autonomous
laboratories capable of continuous learning and
real-time decision-making (Sadeghi etal., 2024).
These hybrid systems represent the next frontier

of intelligent, self-evolving scientific
experimentation.
As Al systems  become more

computationally intensive, attention must shift
toward sustainable Al practices. Developing
energy-efficient algorithms and utilizing low-
carbon cloud computing infrastructure are
essential to minimize environmental impact
(Yadav et al.,, 2024). Al can also serve as an
enabler of sustainability in chemistry by
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optimizing resource utilization, reducing waste,
and facilitating eco-friendly reaction pathways.
Initiatives integrating Al with green chemistry
principles—including renewable energy systems
and circular economy models—will advance
environmentally responsible scientific progress
(Sahith & Lal, 2024).

Future research must emphasize
interdisciplinary collaboration among chemists,
computer scientists, data engineers, and
environmental experts to maximize Al's
transformative potential. Establishing global open-
access repositories, standardized data formats,
and collaborative research networks will promote
data sharing and reproducibility (Manna et al.,
2023; Mohammed et al., 2025). Initiatives such
as the Open Reaction Database (ORD) and
Materials Genome Project (MGP) exemplify this
direction by integrating chemical data into shared
digital ecosystems. These efforts will democratize
Al usage and ensure that emerging innovations
benefit both developed and developing research
communities.

The rapid integration of Al in research
underscores the need to reform educational
curricula in chemical and allied sciences. Future
scientists must be equipped not only with
experimental knowledge but also with
competencies in data science, programming, and
algorithmic reasoning (Trinkley et al., 2024;
Kumar & Mahendraprabu, 2022). Introducing Al
literacy programs, virtual simulation platforms,
and interdisciplinary research training will
prepare the next generation of chemists for data-
intensive  research ecosystems. Moreover,
collaboration between academia and industry can
foster Al-enabled innovation hubs to accelerate
practical applications in pharmaceuticals, energy,
and materials.

To ensure the responsible and equitable
use of Al, comprehensive policy and ethical
frameworks must be established. These
frameworks should regulate data privacy,
intellectual property rights, and algorithmic
fairness, preventing misuse and promoting
inclusivity in global research environments (da
Silva, 2024). Future governance models must
balance innovation  with accountability,
encouraging transparency in Al-based discoveries
while safeguarding ethical and environmental
principles.
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The future trajectory of Al in chemical and
allied sciences will be defined by the convergence
of automation, sustainability, and human-machine
collaboration. Al will evolve from a computational
assistant into a cognitive scientific partner,
capable of learning, reasoning, and innovating
alongside human researchers. However, realizing
this vision depends on aligning Al advancement
with ethical, social, and ecological imperatives. By
fostering transparency, inclusivity, and global
collaboration, the next decade will witness a
transformative leap—from intelligent
computation to responsible and autonomous
scientific discovery.

12. Conclusion

The systematic review of Artificial
Intelligence (Al) applications in chemical and
allied sciences reveals a transformative paradigm
shift from traditional experimentation to data-
driven, predictive, and autonomous scientific
exploration. Over the past decade (2015-2025), Al
has evolved from a computational aid to an
integral component of modern chemistry, enabling
innovations across molecular modeling, materials
design, pharmaceutical research, environmental
monitoring, and sustainable chemical engineering.
The convergence of machine learning (ML), deep
learning (DL), automation, and robotics has not
only accelerated discovery but also redefined the
very methodology of scientific inquiry.

Al's ability to analyze vast, complex
datasets has empowered chemists to predict
molecular behavior, optimize reactions, and
simulate phenomena with unprecedented
precision (Zhao et al., 2024; Olawade et al,,
2025).In pharmaceutical and biomedical sciences,
Al contributes to drug discovery, disease
modeling, and personalized medicine, drastically
reducing time and cost in the innovation pipeline
(Kopac, 2025; Bhatia et al., 2024). Similarly, in
environmental and materials chemistry, Al
enables the development of sustainable materials,
efficient catalysts, and low-carbon chemical
processes, aligning scientific progress with the
global goals of sustainability and environmental
responsibility (Sadeghi etal.,2024; Yadav et al.,
2024).

However, the study also identifies
persistent challenges and ethical dilemmas. Issues
related to data scarcity, model interpretability,
algorithmic bias, and computational inequality
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continue to limit AI's universal applicability
(Manna et al., 2023; da Silva, 2024). Many Al
systems function as “black boxes,” generating
outputs without clear mechanistic insights, which
hinders trust, reproducibility, and scientific
validation. Additionally, ethical considerations
concerning data ownership, transparency, and
environmental sustainability demand urgent
attention from both policymakers and researchers.
To address these gaps, the future of Al in chemical
sciences must focus on developing explainable,
sustainable, and domain-specific models that
integrate chemical theory with computational
intelligence. Interdisciplinary  collaboration
between chemists, computer scientists, and
engineers will be essential for designing hybrid Al
frameworks that combine data-driven learning
with physical and theoretical chemistry principles
(Gupta et al, 2024; Das et al, 2024).
Furthermore, advancing Al literacy and open-
source collaboration will democratize access to
intelligent systems, ensuring that innovation
benefits all research communities globally
(Kumar & Mahendraprabu, 2022; Mohammed
etal., 2025).
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