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Abstract - Drug discovery remains costly and time-consuming, most of the costs could be explained by the high expenditure
on the chemical space and the high rates of attrition observed during the later phases of development. AI has emerged as a
potential solution to these issues that support the use of data to predict and create prospective candidates molecular entities.
Recent advances in the pharmaceutical sector to date in the area of Al usage are critically reviewed in this review, as well as
the conceptual backbone of prediction of protein structure, prediction of drug-likeness and ADMET, and de novo molecular
design that are summarized within a unified framework of early-stage drug discovery. One of the literature review types that
were undertaken was a narrative inquiry of peer-reviewed publications dated 2018 to 2025, based on major scientific
databases. The results prove that Al-based approaches outperform or refine protein structure prediction, improve molecular
property prediction, and provide easy passage of construction of chemical space. Moreover, it can be reported that
integrative predictive-generative pipelines may reduce a false-positive rate and enhance selection of candidates at the early
stage. In general, the further incorporation of AI methods with experimental validation is expected to put computational
methods into an even greater perspective and speed up the curve of drug discoveries.
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1. Introduction
Drug discovery plays a central role in the development of

new therapeutics, yet it remains one of the most complex and

resource-intensive areas of  biomedical  research.

Conventional drug development pipelines rely heavily on
large-scale experimental screening followed by lengthy
validation stages, often requiring 10-15 years and
investments reaching billions of dollars1-3. Compounding

this challenge is the vastness of chemical space, estimated to

encompass more than 109 possible molecules, making

comprehensive exploration impractical using traditional

approaches8.

In recent years, artificial intelligence (Al) has emerged as
a promising alternative paradigm by enabling models to learn
from existing molecular data and generate predictions about
structural, chemical, and biological propertiesl-15.
Breakthrough systems such as AlphaFold have demonstrated

unprecedented accuracy in protein structure prediction, while
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broader deep learning frameworks have shown strong
performance in modeling molecular interactions and binding
behavior2-12-20.  Alongside this, machine learning
techniques are increasingly applied to tasks such as ADMET
prediction, molecular docking, and compound prioritization,
offering valuable decision support in early-stage screening22-

32.

Despite this progress, most Al models are still developed
and applied in isolation. Integrating structure prediction,
property evaluation, and molecule generation into a cohesive
and interoperable workflow remains an ongoing challenge13-
14. Addressing this fragmentation is therefore an important
research direction. Beyond drug discovery, Al-driven
methodologies are also gaining traction in related domains
such as protein engineering, molecular optimization, and
synthetic biology, further highlighting their broad relevance

to molecular sciences8-7-18.

Notably, Al-based approaches offer practical advantages
by reducing experimental burden and accelerating the
identification of promising candidate compounds5-6-10.
Generative deep learning models, in particular, have enabled
the design of novel molecules with tailored properties,
including improved bioactivity, synthetic feasibility, and
chemical novelty4-5-16. These techniques are now being
progressively incorporated across multiple stages of the drug
development pipeline, ranging from target identification and
virtual screening to ADMET prediction and early clinical

decision-making20-13-14-17.

A further advantage of generative approaches is their

ability to support inverse molecular design, where
compounds are constructed to meet predefined biological and
pharmacological criteria. This capability provides a practical
way to navigate the enormous complexity of chemical space
more strategically8-17-30. Taken together, current evidence
suggests that Al has the potential to substantially improve the
efficiency, accuracy, and scalability of molecular research

workflows21-22-24.

Figure [1] illustrates the role of artificial intelligence

across three core stages of molecular discovery: (1) deep28
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learning—based structure prediction, (2) rule-based or machine
learning—driven assessment of drug-likeness22-23, and (3)
generative Al models for molecular design24- 25. Rather than
functioning as isolated components, these stages increasingly
represent parts of an emerging interconnected workflow. The
rapid evolution of Al systems, including conversational and
automation-oriented tools, further underscores the potential
for streamlining data handling and accelerating computational

outputs within molecular research pipelines.

AI-DRIVEN DRUG DISCOVERY
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Figure 1. Integration of AI in molecular sciences explains the interaction
of structure prediction, drug likeness measurement and molecule

generation elements.

2. Problem Statement

Contemporary drug discovery efforts face multiple
persistent challenges, including prolonged development
timelines (often 10—15 years), extremely high financial costs
reaching billions of US dollars, and substantial attrition rates
during late-stage clinical evaluation. In addition, limitations in
accurately predicting protein and molecular structures further
reduce the efficiency of traditional discovery pipelines. The
enormous size of chemical space, estimated to exceed 10
potential molecules [4], presents an additional barrier, making
exhaustive exploration practically impossible using

conventional experimental and computational methods.

These limitations highlight the need for an integrated, Al-
driven framework capable of reliably predicting molecular
structures, evaluating drug-likeness and pharmacokinetic
properties, and generating novel candidate compounds. Such a
unified system has the potential to accelerate discovery
processes while improving the overall quality and relevance of

selected drug candidates.

Page 280



https://www.ijcsejournal.org/
https://www.ijcsejournal.org/

International Journal of Computer Science Engineering Techniques (IJCSE) Volume 10 Issue 2 ,Mar-Apr 2026

ISSN :2455-135X

https://www.ijcsejournal.org/

3. Objectives
The present study is guided by the following objectives:

1. To apply artificial intelligence methods for accurate
prediction of three-dimensional protein and molecular

structures.

2. To develop predictive models for assessing drug-likeness

characteristics and ADMET-related properties.

3. To design novel chemical entities using generative

artificial intelligence approaches.

4. To integrate these components into a unified, cost-

efficient framework for early-stage drug discovery.

4. Novelty and Contribution of the Present

Study

Although many studies have independently explored Al-
based structure prediction, molecular property assessment,
and generative molecule design, these efforts are typically
treated as separate research directions. The distinctive
contribution of this review lies in its conceptual integration of
these components into a coherent, closed-loop framework. By
systematically synthesizing recent literature and organizing it
within a unified model, this work demonstrates how
predictive and generative Al techniques can complement each
other to support more informed -early-stage decisions,
candidates, and enhance the

minimize false-positive

translational relevance of computational drug discovery.

5. Review Methodology

This study adopts a narrative review approach. Relevant
literature was identified through systematic searches of major
scientific databases, including PubMed, Scopus, Google
Scholar, and Web of Science. Search queries combined key
terms such as “artificial intelligence in drug discovery,”
“protein structure prediction,” “AlphaFold,” “graph neural
“ADMET prediction,”

networks,” “generative models,”

“variational ~ autoencoders,”  “generative  adversarial

networks,” and “molecular design.”

Peer-reviewed research articles, review papers, and

influential reports published primarily between 2018 and

2025 were considered for inclusion. Studies were selected

. . . 2
based on their relevance to Al applications in molecular 8
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sciences and their contributions to predictive modeling,
generative methodologies, or integrative frameworks in drug

discovery.

6. Materials and Methods

6.1 Review Methodology
The proposed Al-driven drug discovery framework

consists of three interconnected components:
(1) structure prediction,
(i1) drug-likeness and ADMET evaluation, and

(iii) molecule generation with iterative refinement.

Rather than operating as isolated steps, these modules are
designed to function as an integrated pipeline in which outputs
from one component inform the next. The overall workflow of

the framework is illustrated in Figure 2.

Collect molecules/proteins from databases
Ountput: Raw Daia

l

Data Preprocessing
Clean & extract features (SMILES, descriptors)
Ouipui: Preprocessed Data

|

Structure Prediction
Predict 3D structures (GNNs, Alpha Fold)
Onutput: 3D Structures

- = >
Data Collection ]

Figure 2. The framework depicts the use of artificial intelligence for the
application of structure prediction, drug likeness and ADMET evaluation,

generative modelling, and iterative refinement.

6.1 Review Methodology
Protein and molecular structures were modeled using

deep learning-based approaches, primarily AlphaFold for
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protein structure prediction and graph neural networks for
molecular representation learning. These models infer three-
dimensional conformations from amino acid sequences and
molecular graph structures, respectively. Accurate structural
representations are essential for characterizing ligand-binding
sites and understanding interaction geometries, which are

critical for downstream screening and optimization.

6.3 Drug-Likeness and ADMET Modeling

Assessment of drug-likeness was performed using established
rule-based criteria, including Lipinski’s Rule of Five,
alongside supervised machine learning classifiers trained on

publicly available datasets such as ChnEMBL and PubChem.

ADMET properties—covering absorption, distribution,
metabolism, excretion, and toxicity—were predicted to
identify and filter —compounds with  unfavorable
pharmacokinetic profiles at an early stage. This step supports

more informed prioritization before experimental validation.

6.4 Molecule Generation and Optimization

Generative modeling techniques, including variational
autoencoders (VAEs) and generative adversarial networks
(GANSs), were employed to design novel chemical structures.
Generated candidates were iteratively refined through a
feedback mechanism that incorporates predictions from the
structure modeling and ADMET evaluation modules. This
iterative process supports continuous improvement of
molecular candidates within a closed-loop optimization

framework.

7. Al Methods in Molecular Sciences

7.1 Generative Models and Deep Learning
Several generative systems, such as REINVENT and

GENTRL, have been developed to design molecules with
targeted physicochemical properties while maintaining drug-
like characteristics and synthetic feasibility. Recent studies
also demonstrate that active learning strategies, which
combine physics-based simulations with generative Al

models, can further enhance molecular optimization and

predictive performance26-31.

7.2 Molecular Property Prediction Using Machine Learning

Machine learning approaches are widely applied forog
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predicting ADMET properties, bioactivity, and molecular
docking outcomes28-29. Platforms such as ADMET-AI
provide scalable and efficient prediction tools that support
early-stage compound prioritization32. Benchmark datasets,
including PharmaBench, have contributed to improving the
robustness and comparability of predictive models across

diverse chemical libraries29.

7.3 Molecular Optimization and Protein Engineering
Recent advances in Al have significantly enhanced the

prediction of protein structures, ligand—protein interactions,
and molecular optimization strategies2-12-20. Goal-directed
molecular design systems integrated with automated synthesis
platforms, such as Mol-AIR, have demonstrated the ability to
generate candidate molecules guided by reward functions

aligned with biological targets30.

8. Applications of Artificial Intelligence in Drug

Discovery

Al-based technologies are increasingly influencing
multiple stages of the drug discovery process, including target
identification, compound library construction, and candidate
prioritization11-14. For example, Al-guided approaches have
reportedly reduced the discovery timeline for DDR1 kinase

inhibitors from several months to only a few weeks5.

Both predictive and generative models are now used to

explore novel chemical scaffolds while simultaneously
optimizing bioactivity and drug-like properties in silico7-4-16.
Emerging evidence also suggests that compounds discovered
with Al assistance may demonstrate promising success rates in

clinical development compared with traditional approaches24.

9. Expected Outcomes
The proposed framework is anticipated to offer

several key benefits:

1. Reduction in time and cost associated with early-

stage drug discovery.

2. Improved accuracy in structural and molecular

property prediction.

3. Generation of novel candidate compounds using

advanced computational methods.
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4. Enhanced clinical success rates through effective

pre-screening of compounds.

5. Support for personalized medicine and broader

innovation in biotechnology.

10. Results

As this work focuses primarily on framework
development and conceptual integration, results are expressed
in terms of expected outcomes rather than experimental
validation. The proposed pipeline is expected to improve
accuracy in structure prediction, enhance screening efficiency,
and prioritize biologically relevant compounds with favorable
pharmacokinetic profiles. Integration of predictive and
generative components is also anticipated to reduce false
positives in early discovery and shorten the time required for

candidate selection.

11. Discussion
Integrating Al capabilities across multiple stages of drug

discovery represents a significant advancement beyond
traditionally fragmented workflows. By combining structure
prediction, molecular property evaluation, and generative
design within a unified system, the framework supports more
informed early-stage decision-making. Generative models
expand exploration into less-sampled regions of chemical
space, while predictive models help ensure that candidate
compounds satisfy both structural and pharmacokinetic

constraints.

11.1 Limitations

Despite its potential, the proposed framework has several
limitations. First, the study is primarily conceptual, and the
outcomes are based on anticipated performance rather than
large-scale experimental validation. Model effectiveness is
strongly influenced by the quality, diversity, and
representativeness of available training datasets, which may
introduce bias and limit generalizability across therapeutic

domains.

Second, although Al-based predictions for ADMET
properties and molecular interactions are improving, they
cannot yet fully capture the complexity of biological systems

and may still yield false positives or negatives. Third, some 28
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molecules generated by computational models may present
challenges in practical synthesis or large-scale production.
Finally, issues related to computational cost and model
interpretability remain barriers to widespread clinical and
industrial adoption. Future work should emphasize
experimental validation, reinforcement learning strategies,
explainable Al techniques, and stronger integration with wet-

lab workflows.

12. Need and Significance

The application of artificial intelligence in molecular
sciences offers meaningful opportunities to address global
healthcare challenges by accelerating therapeutic discovery
while reducing resource consumption. Early elimination of
non—drug-like candidates can decrease late-stage clinical
failure rates and improve overall productivity. In addition,
such frameworks can strengthen national research capacity in
computational molecular sciences and align with broader
initiatives such as Aatmanirbhar Bharat and the Digital Health

Mission.

13. Future Directions
Future studies should focus on incorporating explainable

Al methodologies, expanding dataset diversity, enabling real-
time experimental feedback, and strengthening collaboration
between computational and experimental research teams.
These developments are expected to enhance the reliability,
transparency, and translational impact of Al-assisted drug

discovery.

14. Conclusions

This study presents an integrated artificial intelligence
framework for molecular sciences that encompasses structure
prediction, drug-likeness and ADMET modeling, and
molecular generation. The proposed approach offers a scalable
and cost-effective strategy for early-stage drug discovery and
holds considerable potential to improve the efficiency of

translational research.

15. Data and Materials Availability
All data used in this study were obtained from publicly

available databases, including ChEMBL, PubChem, and
DrugBank.
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16. Declaration on Generative AI Use edited all content and take full responsibility for the final
Al-assisted tools were used solely to improve language manuseript.
clarity and readability. The authors carefully reviewed and
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