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Abstract

Objectives: This study seeks to critically examine how artificial
intelligence (Al) is used in drug discovery and drug design and in
particular it intends to examine how Al is used in the identification
of a target, optimization of leads, de novo design and prediction
of pharmacokinetic and toxicological properties.

Evidence acquisition: The major scientific databases, such as
PubMed, Scopus, and Google Scholar were searched
systematically and extensively to retrieve evidence. The peer-
reviewed articles devoted to the usability of machine learning,
deep learning, and generative artificial intelligence in
pharmaceutical research were thoroughly reviewed and
synthesized to offer a current overview of the latest advances,
issues, and perspectives.

Results: Al technologies exert a tremendous influence on the
sphere of drug discovery making possible the biological and
chemical investigation of a big data. The strategies enhance the
precision of forecasting, reduce the time it takes to develop the
medicine and reduce the cost. It has been primarily used in drug-
target interactions prediction, virtual screening, de novo molecular
design and customized medicine. Such models as deep learning
architectures, graph neural networks and generative models are
further advanced to enhance molecular design and optimization.
Although these benefits exist, other issues, such as the quality of
data, model interpretability, legal concerns and integrating Al
predictions into the experimentation process, are present.

Conclusion: Atrtificial intelligence has been a paradigm shift in
the pharmaceutical research that has introduced new methods to
offer medicines development more efficiently and quicker. As it
continuously evolves, it ought to lead to the discovery of improved
and safer medicines. Data quality, explainable Al models, and data
integration between computational prediction and experimental
validation could be some topics of future research.
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INTRODUCTION

Artificial intelligence (Al) is a paradigm shift in
pharmaceutical research, radically changing the
traditional method of drug discovery and design. Over
the last ten years, the blistering development of
technology and the growing abilities of biomedical
sciences allowed researchers to leave the traditional
trial and error approach and adopt data-based and
predictive modeling approaches . In comparison to
the traditional drug development cycle that depends
mostly on experimental screening and extensive
testing of the laboratory, Al can process enormous
amounts of biological, chemical, and clinical data
more quickly and efficiently. These data consist of
genomic, proteomic, metabolomic and
pharmacological data that are occasionally too
elaborate to be examined using conventional
statistical techniques in isolation The restrictions of
the traditional pharmaceutical development further
highlight the importance of Al in drug discovery @,
The traditional pipeline is typically marked by long
development cycles, high financial expenditures and
low success rates, with numerous therapeutic
candidates failing in either the preclinical or clinical
phase because of toxicity, lack of efficacy, or
unfavorable pharmacokinetic properties ). These
constraints have created a strong need to develop new
ways to improve productivity and reduce attrition
rates. The objective of this paper is to critically assess
the role of Al in the current drug discovery and
design. It deals with certain significant applications
such as discovery of targets, optimization of lead
compounds, virtual screening, de novo drug design

and prediction of pharmacokinetics and toxicological
consequences

These applications are crucial elements in the drug
development process and Al has been found to be
very promising to improve decision making and
reduce experimental workload. Furthermore, this
study highlights the major Al methods used in
pharmaceutical research, such as machine learning
(ML), deep learning (DL), graph neural networks
(GNNs), transformer-based networks, and generative
models ©),

The new computational approaches have made it
possible to better model complex biological systems,
anticipate drug-target interactions and screen
molecular attributes such as binding affinity, toxicity
and stability. In addition, the paper describes the
opportunities of Al, such as acceleration of drug
development cycle, decrease in cost of research,
enhanced target validation and lead optimization
plans. The role of Al in the growth of personalized
medicine is also crucial to combine multi-omics and
patient-specific clinical data and to adopt more
customized and effective treatment techniques ©. In
the meantime, the paper discusses critically the key
obstacles that hinder the widespread use of Al in drug
discovery. These include data quality and availability,
difficulty to interpret a model, regulatory and ethical
issues, and the complexity of integrating Al based
predictions with experimental techniques (.

Evidence Acquisition
An extensive and systematic evaluation of literature
was performed to evaluate the current state of the art
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of artificial intelligence in drug discovery and drug
design. The relevant studies were searched in the main
scientific databases (PubMed, Scopus, web of science
and Google Scholar). The search technique combined
terms such as artificial intelligence, machine learning,
deep learning, drug discovery, drug design, virtual
screening, ADMET  prediction,  drug-target
interaction and generative Al ©.

The inclusion criteria were limited to articles
published in the years 2020-2025 to guarantee the
material supplied is up-to-date and relevant. Good
quality review articles as well as original pieces of
research were taken into account. Articles were
chosen based on the probability of supplying
information about the application of Al in
pharmaceutical research, such as, target discovery,
molecular modeling, drug screening, lead
optimization, and clinical prediction .

Comparative approach was given through literature
on conventional drug discovery methodologies. Such
studies proved the disadvantages of the out-of-date
practices such as lengthy development process,
expensive and high turnover. Such an analogy was
needed to show the advantages of Al-based solutions
compared to traditional ones @9, The gathered
literature was divided into a number of topic
categories, such as:

+ Conventionally limited drug discovery.

* Machine learning applications.

* Deep learning frameworks.

* De Novo Drug Design and generative Al

* ADMET forecast.

* Repurposing drugs.

 Limits and challenges of Al

* Ethical and regulatory issues.

* Prospects for the future.

Special attention was given to the studies which tested
machine learning models to predict drug-target
interactions, molecular properties, and biological
activity. The works are critical because they
demonstrate that Al can result in a reduction in the
number of experiments and can improve the
efficiency of drug discovery in the initial phases .
The research of deep learning was also examined
because it is capable of processing high-dimensional
data, which is complex. They are convolutional neural
networks, recurrent neural networks, and transformer-
based models, that have found extensive applications
in predicting protein structure and molecular
representation, and analyzing biological sequences
(2 The inclusion of generative Al studies was due to
its being a significant breakthrough in the field of drug
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models that can generate new molecular structures
with specific pharmacological properties 93,
Literature on ADMET prediction was also examined
and pharmacokinetics and toxicity are still key
elements that define drug development success.
Models based on Al have the capability of forecasting
these properties at early stages of the development
process and thus lower the chances of failure at the
late stage *4). Moreover, literature on the multi-omics
integration was examined to learn how Al can be used
to integrate genomic, proteomic, and clinical data to
discover new therapeutic targets and help in
personalized medicine practices @9

RESULTS

Artificial intelligence (Al) has transformed drug
discovery by introducing data-driven approaches that
improve the efficiency, accuracy, and scalability of
the conventional drug development process. Unlike
traditional strategies that rely heavily on experimental
screening and iterative trial-and-error optimization,
Al enables the analysis of large-scale biological and
chemical datasets to identify promising drug
candidates, optimize molecular properties, and
support decision-making throughout the discovery
pipeline. As illustrated in Figure 1, Al is increasingly
integrated across multiple stages of drug discovery,
where it accelerates candidate identification, supports
molecular optimization, and improves research
productivity while reducing the time and cost
associated with pharmaceutical development 19,

Al Applications in Advanced Drug Formulation
and Physical Pharmacy

The application of artificial intelligence (Al) in
medicine has become one of the most promising
enabling technologies in developing more advanced
pharmaceutical formulations, as it enables the rational
design and optimization of drug delivery systems. The
algorithms of machine learning (ML) can be applied
efficiently to complex formulation datasets to predict
the critical quality attributes (CQAS), such as the
particle size, drug loading, encapsulation efficiency,
dissolution behavior, and stability of the formulations.
As a result, predictive models based on Al minimize
the workload of an experiment, speed up the
formulation development process, and enhance the
?ptir)nization of pharmaceutical products in general
17,18

Artificial intelligence has become a revolutionary
technology in the logical design of nanomedicines,
such as lipid nanoparticles, liposomes, polymeric

design.  Variational autoencoders, generative nanoparticles, nano micelles, noisome, and
adversarial networks, and diffusion models are nanosuspensions. Complex  formulation and
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manufacturing data can be combined using machine
learning and deep learning algorithms to predict
critical quality attributes (CQAs), such as particle
size, polydispersity index, zeta potential,
encapsulation efficiency, drug loading, release
behavior, and formulation stability. These predictive
functions decrease the use of empirical trial-and-error
experimentation, speed up formulation optimization,
and enhance formulation reproducibility. Moreover,
Al aids the Quality-by-Design (QbD) paradigm to
determine important material features (CMASs) and
important process parameters (CPPs), enables
effective formulation design, process optimization,
and scalable pharmaceutical production Taken
together, these developments propel the effective
translation of nano-pharmaceutical formulations
between laboratory studies and clinical and industrial
practice (1920),

Moreover, Al-enabled predictive models demonstrate
notable potential to optimize formulations of poorly
water-soluble  drugs to  predict  solubility
improvements, dissolution behavior, drug release
kinetics, and oral bioavailability and then subject
them to experimental validation. These models can
minimize the need to use empirical trial-and-error
methods to formulate a drug, optimize its formulation,
and increase the chances of a successful product
development, which explains why Al is becoming an
increasingly important part of pharmaceutical
formulation and physical pharmacy 22,

One of the most beneficial advances of artificial
intelligence is machine learning (ML)-based drug-
target interaction prediction. Complex data can be fed
into ML algorithms to obtain molecular structure-
related biological activity correlations.

According to a summary provided in Table 1, various
Al methods are involved in different phases of the
drug discovery process, with their use providing
unique advantages 3.

Besides its predictive properties, machine learning in
drug discovery adheres to a clearly defined and
systematic workflow that involves a number of
interdependent steps, such as data collection,
preprocessing, feature extraction, model
development, training, validation, and performance
evaluation @4,

The foundation of this process is high quality data
collection, which depends on the quality and diversity
of biological and chemical data sources since the
quality of machine learning models largely depends
on the quality of the input data ©®®. The stage of
preprocessing entails cleaning of raw data,
normalization of data and transforming data into a
standard form and to reduce noise that would cause
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models to perform poorly ©®. The extraction and
encoding of characteristics also make it possible to
convert complex molecular structures and biological
data into valuable numerical data that are easily
handled by machine learning algorithms ¢7),

These pictures play a significant role in the analysis
of the latent trends in terms of drugs-target
interactions and molecular properties @®. Then it
trains models on huge amounts of data, to learn how
to correlate inputs with desirable outputs. Lastly,
validation processes are done to check the
generalizability of the model and prevent overfitting
29 Accuracy, precision, recall and area under the
curve (AUC) are among the performance evaluation
criteria of predictive capabilities @9,  Also,
hyperparameter ~ optimization  and iterative
optimization is usually employed to increase the
stability and reliability of the model ©Y. Such a
methodology is crucial to comprehending and
maximizing Al-assisted drug development and
discusses a means of translating computational
predictions into valuable experimental results ©?),
Figure 2 shows the entire machine learning process of
drug development.

The Al in drug discovery has been enhanced using
deep learning (DL) approaches. The neural networks
such as convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) and models that
use transformers are particularly useful with high-
dimensional and heterogeneous data. The models are
able to take molecular structures, protein sequences
and biomedical information and to create accurate
predictions of binding affinity, biological activity and
drug response ©2).

Graph neural networks (GNNs) have emerged as
powerful deep learning models for molecular
representation in drug discovery. GNNs unlike
traditional methods that use descriptors to describe
molecules model molecules as graphs with atoms as
nodes and chemical bonds as edges, and directly learn
structural and relational information. This graphical
model enhances the modeling of physicochemical,
biological, and pharmacological characteristics, and
molecular interactions with biological targets. In
accordance with Figure 3, GNNs can be used to
identify and optimize promising drug candidates
based on integrating both molecular and biological
data, enhancing the accuracy and efficiency of Al-
based drug discovery G034,

Transformer-based models are likewise of
tremendous interest these years. They are very
efficient in dealing with sequential data, and have
been extensively utilized for protein structure
prediction, chemical language modeling, and drug-
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target interaction studies. This has made them more
accurate in their forecasts and scaled in drug
discovery process %),

Variational —autoencoders (VAES), generative
adversarial networks (GANSs) and diffusion models
are examples of generative deep learning models that
have transformed de novo molecular design by
allowing the creation of new molecular structures
with specified physicochemical and biological
characteristics. These models efficiently explore the
chemical space, optimize molecular characteristics,
and accelerate the identification of promising drug
candidates for further development @9,

Generative Al can be used to provide De Novo Drug
design, in which new molecules are designed
computer-aided and then synthesized in the lab. This
greatly speeds up the process of drug discovery at an
early stage and gives a chance to optimize compounds
to achieve  Dbetter efficacy, safety, and
pharmacokinetic ~characteristics 7. Generative
models have also been combined with reinforcement
learning (RL) to optimize molecules even more.
Under this approach, Al systems continuously
optimize molecular structures in terms of desired
objectives, such as the optimization of biological
activity or minimization of toxicity. This self-directed
learning enhances the lead optimization efficiency
and chances of discovering drug candidates with
success @9,

Al has also transformed virtual screening, such as the
deep learning-based docking platform GNINA
combines convolutional neural networks with
traditional molecular docking to enhance ligand—
protein binding pose detection and binding affinity
rescoring, and thus reduce false-positive hits and
enhance the identification of active compounds
during virtual screening .This Al- aided solution
improves accuracy and efficiency of early-stage drug
discovery by supporting the speedy screening of large
libraries of chemicals and prioritizing most promising
candidate molecules to be experimentally validated
39). Al can be used to identify and validate targets as
well. Multi-omics data (genomics, proteomics, and
transcriptomics) can be used to identify genes,
pathways, and biomarkers related to disease through
Al models. It helps in identifying new therapeutic
targets and enhances the precision of drug
development programs “9),

Artificial Intelligence (Al) is also critical in
personalized medicine. With the incorporation of
patient-specific data, such as genetic and clinical data,
Al models have the potential to forecast personal
treatment responses and help to create individualized
treatment plans “9,
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Moreover, artificial intelligence made a tremendous
advance in predicting pharmacokinetic and
toxicological  properties.  Al-based ADMET
prediction tools enable the early identification of
compounds with unfavorable absorption, distribution,
metabolism, excretion, and toxicity profiles, thereby
facilitating compound prioritization, reducing late-
stage attrition, and improving the overall efficiency
and success rate of drug discovery and development
2 Drug repurposing is another major application of
Al applications. Al can find new therapeutic uses for
known chemicals through computer study of current
medications and biological processes. This saves on
development time and cost, as repurposed
medications are generally proven to be safe “3. In
general, the use of Al in drug discovery has resulted
in greater efficiency, lower costs, better predicted
accuracy, and faster development times However, the
efficiency of these methods is related to the quality of
data, dependability of the model and the ability to
integrate them with the experimental validation
processes ¢4,

TRADITIONAL METHOD: COSTLY & SLOW 3

s ' Cutting R&D Expenses by 40%

Alfirst pipelines significantly reduce the
number of physical compounds that must

be synthesized and tested in a lab.

@ Predicting Toxicity to “Fail Fast"
Unsafe candidates reach expensive clinical
Al Hits vs. Human Trial-and-Error

Months of slow experimentation evaluating

AI-DRIVEN APPROACH: EFFICIENT & ACCELERATED
Al Models Identify Unsafe
Candidates Early

(*  AlFirst Pipelines Significantly
D k. Reduce Physical Compounds
= 6 Virtual Screening: Replaces most physical
W/ synthesis with in silico models.
AT
' Early Detection: Prevents millions in wasted
late-stage investment.
B Virtual Screening Evaluates
; Billions of Molecules

~—— Replaces months of manual work with

trials, wasting millions.
& limited molecules -
L ) virtual speed.

Figure (1): Comparison between traditional and Al-
driven drug discovery in terms of time, cost, and success
rate.

Table (1): Applications of Artificial Intelligence
Techniques in Drug Discovery and Their Advantages.
Technique Application in Drug Discovery Advantage
Machine Learning Prediction  of  drug-farget Scalable and fast
interactions
Deep Learning Molecular property prediction High accuracy
Generative Models | De novo drug design Novel molecule generation
(GANs, VAEs)
Reinforcement Learning | Lead optimization Adaptive improvement
Graph Neural Networks | Molecular structure modeling Captures complex relationships
Transformer Models Protein structure & sequence analysis | Handles large-scale data
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Figure (2): Schematic representation of the machine learning
pipeline in drug development. Key processes such as data
collection, preprocessing, feature engineering, model training,
validation and prediction of molecular interactions and drug
characteristics.
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Figure (3): Schematic illustration of drug development using
graph neural networks (GNNs): The encoding of the drug
molecules as graphs (where the atoms are the nodes and the
bonds are the edges) yields more faith to the process of

modeling the molecular interactions,
properties, and drug-target interactions.

physicochemical

Real-World Case Studies of Al in Drug Discovery
Case Study 1: INS018_055 (Insilico Medicine)

A representative example of Al-driven drug discovery
is INS018 055, a first-in-class small-molecule
inhibitor developed for idiopathic pulmonary fibrosis
(IPF). Using a generative Al platform, computational
models were applied to identify a novel therapeutic
target, generate chemically feasible molecules, and
optimize lead compounds with  favorable
pharmacological characteristics. This combined
workflow allowed the process to proceed to
preclinical candidate nomination in about 18 months,
significantly speeding up the traditional discovery
process. After the successful preclinical testing and
good Phase | safety result, INS018_055 entered Phase
Il clinical testing, which constitutes one of the best
real-world evidence of the translational potential of
Al in contemporary drug discovery ¢#546),

Case Study 2: DSP-1181 (Ex Scientia)

The other example which has been well documented
is DSP-1181, a drug candidate that was being
developed by Exscientia in partnership with
Sumitomo Pharma to cure obsessive-compulsive
disorder (OCD). To achieve this, computational

Abdulnabi A A et.al.

models based on Al were used to accelerate the
discovery of hits, molecular optimization, and lead
selection, thus allowing the discovery of a clinical
candidate within a much shorter time than traditional
drug discovery approaches. DSP-1181 later became
the first Al-designed small molecule to enter Phase |
clinical trials and the practicality of Al in enhancing
the speed and efficiency of pharmaceutical research
and development ?),

DISCUSSION

As the results of this review show, artificial
intelligence (Al) has fundamentally changed the
current drug discovery process, allowing to make
decisions based on data at every step of the
pharmaceutical development process. Al has
penetrated many drug development phases such as
target discovery, virtual screening, lead

optimization and pre-clinical  prediction of
pharmacokinetic and toxicological characteristics.
This combination has made the process of candidate
selection much more efficient, but has also greatly
lowered the time and expense of traditional drug
discovery methodologies, which makes Al an
efficient technology in supporting decisions in
pharmaceutical research .

In addition to initial drug discovery, Al has shown
significant potential in pharmaceutical formulation,
allowing it to predict all-important quality
characteristics, such as particle size, encapsulation
efficiency, dissolution behavior, and formulation
stability, and optimize the formulation beforehand.
Such predictive abilities aid rational design of
sophisticated drug delivery systems and reduce the
experimental burden and hasten the formulation
development, thus, enhancing the efficiency of
pharmaceutical product development ¢,

The other significant result pointed out in this review
is the role of Al in structure based drug design. Hybrid
artificial intelligence and molecular docking and
structure-based virtual screening has enhanced
prediction of protein-ligand interactions and
identification and prioritization of promising lead
compounds. Al-based solutions are able to enhance
the efficiency and accuracy of docking processes but
computational  predictions are viewed as
supplementary to experimental investigations and
must be validated by molecular dynamics simulations
?n)d biological validation prior to clinical translation
47

The recent developments in generative Al have also
increased the range of computational drug discovery
to include de novo molecular design and multi-
objective optimization of candidate molecules.
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Though such strategies can dramatically speed up
molecular innovation, successful clinical translation
remains contingent upon close collaboration with
medicinal chemistry, experimental validation, and
multidisciplinary pharmaceutical research, with Al
being used to complement and not substitute the
traditional pharmaceutical research processes “8). In
addition to its proven utility in drug discovery, Al is
becoming more and more useful in precision
medicine, combining genomic, transcriptomic,
proteomic, imaging and clinical data. Such
multimodal strategy allows more effective
stratification of patients and aids in making individual
therapeutic decisions The clinical utility of these
models, however, is subject to the availability of a
variety of standardized datasets and strong external
validation to ensure consistent performance with
heterogeneous populations of patients 9,

Although the current developments in Al-assisted
drug discovery have made significant strides in this
field, there are still a number of challenges that
impede its use in pharmaceutical research,

most of them connected to data quality and model
interpretability. Therefore, Al ought to be seen as a
complement to the traditional method of drug
discovery, but as an alternative solution because even
computational predictions have to be carefully tested
in the laboratory. The combination of explainable All,
quality biomedical data, generative Al, and automated
experimental systems is predicted to drive future
progress, as shown in Figure 4, to enhance the
effectiveness, consistency, and translatability of Al-
based drug discovery 9,

Future Roadmap of AI driven Drug Dlscovery
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from data to personalized medici
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Figure (4): Future roadmap of Al-driven drug discovery.
Proposed framework illustrating the integration of high-quality
biomedical data, machine learning, generative Al, Al-assisted

C—

molecular docking, advanced pharmaceutical formulation,
experimental validation, clinical translation, and precision
medicine. Key enabling components, including explainable Al,
multimodal data integration, regulatory science, and
multidisciplinary  collaboration, collectively facilitate the
development of reliable, efficient, and clinically translatable Al-
driven pharmaceutical research.
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CONCLUSION

Al has served as a key enabling technology in current
pharmaceutical research, enhancing various drug
discovery steps, including target identification and
molecular design, pharmaceutical formulation and
early ADMET prediction. The Al based solutions, as
has been talked about in this review, can be used to
streamline research processes, cut down on the time
taken to develop solutions and also assist in making
more informed decisions throughout the drug
development pipeline. Although these have been
made, there are still various scientific and regulatory
obstacles that pose a constraint to a wider application,
especially  regarding data  quality,  model
interpretability, and experimental validation.
Overcoming these shortcomings with standardized
datasets, explainable Al, and multidisciplinary
teamwork will be essential to guarantee the quality
and clinical usability of Al-assisted drug discovery.
On the whole, Al must be considered as a
complementary technology, which enhances, but not
substitutes traditional pharmaceutical research. The
future developments will be based on the combination
of computational intelligence with medicinal
chemistry, automated experimentation, and biological
validation to expedite the creation of safer, more
effective, and tailored therapeutics.

FINDINGS

The results of this review indicate that the artificial
intelligence (Al) is an emerging enabling technology
throughout the pharmaceutical development pipeline.
Al-based methods are used to enhance the target of
interest, virtual screening, molecular design,
pharmaceutical formulation, and the early prediction
of pharmacokinetic and toxicological effects,
increasing the efficiency of the research process and
decreasing the development duration and expense.
The increasing contributions of Al to multi-omics and
clinical data integration in the pursuit of precision
medicine and personalized treatment plans are also
noted in the review. Nevertheless, effective
deployment of Al in drug discovery still relies on the
quality of datasets, interpretable models, and
extensive experimental validation to have valid and
clinically generalizable results.

ACKNOWLEDGMENT
The author would like to acknowledge her own efforts
in completing this review article.

CONFLICT OF INTEREST
The author(s) declare no conflict of interest,
financial or otherwise.

[ Tikrit Journal of Pharmaceutical Sciences

Page | 127 |




Tikrit J. Pharm. Sci. 2026; 20(1):121-129

FUNDING
No funding was received for conducting this study.

REFERENCES

1. Vamathevan J, Clark D, Czodrowski P, Dunham I,
Ferran E, Lee G, et al. Applications of machine
learning in drug discovery and development. Nat
Rev Drug Discov. 2019;18(6):463-477.

2. Mak KK, Pichika MR. Artificial intelligence in
drug development: present status and future
prospects. Drug Discov Today. 2019;24(3):773—
780.

3. Paul D, Sanap G, Shenoy S, Kalyane D, Kalia K,
Tekade RK. Artificial intelligence in drug
discovery and development. Drug Discov Today.
2021;26(1):80-93.

. Schneider P, Walters WP, Plowright AT, Sieroka
N, Listgarten J, Goodnow RA Jr, et al. Rethinking
drug design in the artificial intelligence era. Nat
Rev Drug Discov. 2020;19(5):353-364.

5. Zhavoronkov A, Ivanenkov YA, Aliper A, Veselov
MS, Aladinskiy VA, Aladinskaya AV, et al. Deep
learning enables rapid identification of potent
DDR1 kinase inhibitors. Nat Biotechnol.
2019;37(9):1038-1040.

. Stokes JM, Yang K, Swanson K, Jin W, Cubillos-
Ruiz A, Donghia NM, et al. A deep learning
approach to antibiotic  discovery. Cell.
2020;180(4):688-702.e13.

7. Chen H, Engkvist O, Wang Y, Olivecrona M,
Blaschke T. The rise of deep learning in drug
discovery. Drug Discov Today. 2018;23(6):1241—
1250.

. Walters WP, Murcko M. Assessing the impact of
generative Al on medicinal chemistry. Nat
Biotechnol. 2020;38(2):143-145.

. Jumper J, Evans R, Pritzel A, Green T, Figurnov
M, Ronneberger O, et al. Highly accurate protein
structure prediction with AlphaFold. Nature.
2021;596(7873):583-5809.

10. Brown N, Fiscato M, Segler MHS, Vaucher AC.
GuacaMol: benchmarking models for de novo
molecular design. J Chem Inf Model.
2019;59(3):1096-1108.

11. Gawehn E, Hiss JA, Schneider G. Deep learning
in drug discovery. Mol Inform. 2016;35(1):3-14.

12. Rao R, Meier J, Sercu T, et al. Transformer protein
language models are unsupervised structure
learners. Nat Methods. 2021;18(7):671-678.

13. Zhou Z, Kearnes S, Li L, Zare RN, Riley P.
Optimization of molecules via deep reinforcement
learning. Sci Rep. 2019;9:10752.

N

(o2}

o

[{e]

Abdulnabi A A et.al.

14. Topol EJ. High-performance medicine: the
convergence of human and artificial intelligence.
Nat Med. 2019;25(1):44-56.

15. Pushpakom S, lorio F, Eyers PA, Escott KJ,
Hopper S, Wells A, et al. Drug repurposing:
progress, challenges and recommendations. Nat
Rev Drug Discov. 2019;18(1):41-58.

16. Walters WP, Barzilay R. Critical assessment of Al
in drug discovery. Expert Opin Drug Discov.
2021;16(9):937-947.

17. Hickman RJ, Aldeek F, Bao Z, et al. Machine
learning directed drug formulation development.
Adv Drug Deliv Rev. 2021;175:113806.

18. Bao Z, Bufton JC, Hickman RJ, et al.
Revolutionizing drug formulation development:
The increasing impact of machine learning. Adv
Drug Deliv Rev. 2023;202:115108.

19. Atre P, Rizvi SAA. A brief overview of quality by
design approach for developing pharmaceutical
liposomes as nano-sized parenteral drug delivery
systems. RSC Pharm. 2024;1(4):675-688.

20. Silveira RF, Lima AL, Gross IP, Gelfuso GM,
Gratieri T, Cunha-Filho M. The role of artificial
intelligence and data science in nanoparticles
development: a review. Nanomedicine (Lond).
2024;19(14):1271-1283.

21. Murray JD, Lange JJ, Bennett-Lenane H, Holm R,
Kuentz M, O'Dwyer PJ, Griffin BT. Advancing
algorithmic ~ drug  product  development:
Recommendations  for  machine learning
approaches in drug formulation. Eur J Pharm Sci.
2023;191:106562.

22. Bannigan P, Bao Z, Hickman RJ, Aldeghi M,
Héase F, Aspuru-Guzik A, Allen C. Machine
learning models to accelerate the design of
polymeric long-acting injectables. Nat Commun.
2023;14(1):35.

23. Ekins S, Puhl AC, Zorn KM, Lane TR, Russo DP,
Klein JJ, et al. Exploiting machine learning for
end-to-end drug discovery and development. Nat
Mater. 2019;18(5):435-441.

24. Altae-Tran H, Ramsundar B, Pappu AS, Pande V.
Low data drug discovery with one-shot learning.
ACS Cent Sci. 2017;3(4):283-293.

25. Xu'Y, Wang S, Hu Q, Gao S, Ma X, Zhang W, et
al. CavityPlus: A web server for protein cavity
detection, pharmacophore modelling, allosteric
site identification and covalent ligand binding
ability prediction. Nucleic Acids.
2018;46(W1):W374-W379.

26. Chen B, Butte AJ. Leveraging big data to
transform drug discovery. Genome Med.
2016;8:109.

27. Kearnes S, McCloskey K, Berndl M, Pande V,

[ Tikrit Journal of Pharmaceutical Sciences

Page | 128 ]




Tikrit J. Pharm. Sci. 2026; 20(1):121-129

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

Riley P. Molecular graph convolutions: Moving
beyond fingerprints. J Comput Aided Mol Des.
2016;30(8):595-608.

Schmidhuber J. Deep learning in neural networks:
An overview. Neural Netw. 2015;61:85-117.
LeCun Y, Bengio Y, Hinton G. Deep learning.
Nature. 2015;521(7553):436-444.

Zhou J, Cui G, Hu S, Zhang Z, Yang C, Liu Z, et
al. Graph neural networks: A review of methods
and applications. Al Open. 2020;1:57-81.
Vaswani A, Shazeer N, Parmar N, Uszkoreit J,
Jones L, Gomez AN, Kaiser L, Polosukhin I.
Attention Is All You Need. Adv Neural Inf
Process Syst. 2017;30:5998-6008.

Gilmer J, Schoenholz SS, Riley PF, Vinyals O,
Dahl GE. Neural message passing for quantum
chemistry. Proc Int Conf Mach Learn.
2017;70:1263-1272.

Wu Z, Ramsundar B, Feinberg EN, Gomes J,
Geniesse C, Pappu AS, et al. MoleculeNet: A
benchmark for molecular machine learning. Chem
Sci. 2018;9(2):513-530.

.Jiang D, Wu Z, Hsieh CY, Chen G, Liao B, Wang

Z, Shen C, Cao D, Wu J, Hou T. Could graph
neural networks learn better molecular
representation for drug discovery? J Cheminform.
2021;13:12.

Bergstra J, Bengio Y. Random search for hyper-
parameter optimization. J Mach Learn Res.
2012;13:281-305.

Askr H, Elgeldawi E, Aboul Ella H, Elshaier
YAMM, Gomaa MM, Hassanien AE. Deep
learning in drug discovery: an integrative review
and future challenges. Artif Intell Rev.
2023;56(7):5975-6037.

Croitoru FA, Hondru V, lonescu RT, Shah M.
Diffusion models in vision: A survey. IEEE Trans
Pattern Anal Mach Intell. 2023;45(9):10850-
108609.

Arulkumaran K, Deisenroth MP, Brundage M,
Bharath AA. Deep reinforcement learning: A
brief survey. IEEE Signal Process Mag.
2017;34(6):26-38.

McNutt AT, Francoeur P, Aggarwal R, Masuda T,
Meli R, Ragoza M, et al. GNINA 1.0: Molecular
docking with deep learning. J Cheminform.
2021;13:43.

Zitnik M, Nguyen F, Wang B, Leskovec J,
Goldenberg A, Hoffman MM. Machine learning
for integrating data in biology and medicine:
Principles, practice, and opportunities. Inf Fusion.
2019;50:71-91.

Obermeyer Z, Emanuel EJ. Predicting the
Future—Big Data, Machine Learning, and

42.

43.

44,

45.

46.

47.

48.

49.

50.

Abdulnabi A A et.al.

Clinical  Medicine. N Engl J
2016;375(13):1216-12109.

Yang H, Lou C, Sun'L, Li J, Cai Y, Wang Z, et al.
admetSAR 2.0: web-service for prediction and
optimization of chemical ADMET properties.
Bioinformatics. 2019;35(6):1067-1069.

Corsello SM, Bittker JA, Liu Z, Gould J,
McCarren P, Hirschman JE, et al. The Drug
Repurposing Hub: a next-generation drug library
and  information  resource. Nat  Med.
2017;23(4):405-408.

Varnek A, Baskin Il. Machine learning methods
for property prediction in chemoinformatics: quo
vadis? Mol Inform. 2012;31(8):593-604.

Wen 'Y, Yang S, Chen R, et al. A small-molecule
TNIK inhibitor targets fibrosis in preclinical and
clinical models. Nat Biotechnol. 2024;42:1325—
1338.

Zhavoronkov A, Vanhaelen Q, Oprea TI. Will
artificial intelligence for drug discovery impact
clinical pharmacology? Clin Pharmacol Ther.
2020;107(4):780-785.

Paggi JM, Pandit A, Dror RO. The Art and
Science of Molecular Docking. Annu Rev
Biochem. 2024;93(1):389-410.

Janet JP, Mervin L, Engkvist O. Atrtificial
intelligence in molecular de novo design:
Integration with experiment. Curr Opin Struct
Biol. 2023;80:102575.

Hasselgren C, Oprea TI. Artificial intelligence for
drug discovery: Are we there yet? Annu Rev
Pharmacol Toxicol. 2024;64:527-550.
Sadybekov AV, Katritch V. Computational
approaches streamlining drug discovery. Nature.
2023;616(7958):673-685.

Med.

[ Tikrit Journal of Pharmaceutical Sciences

Page | 129 ]




