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Abstract: Artificial intelligence (Al) has markedly transformed pharmaceutical research by accelerating the development of target
identification, compound screening, molecular optimization, and advanced drug delivery systems.This review addresses the integration
of Al and Automated Machine Learning (AutoML) into drug discovery and highlights the emerging role of these technologies in the
rational design and optimization of drug delivery materials, from lipid nanoparticles to the molecular structures of materials. AutoML
automates fundamental stages of the machine learning process, including data pre-processing, feature engineering, model selection,
hyperparameter optimization, and performance evaluation, increasing scalability and reproducibility while reducing reliance on
extensive domain expertise. Its ability to process heterogeneous datasets, including omics data, molecular descriptors, and material-
related properties, facilitates the optimization of lipid nanoparticles (LNPs), polymeric nanocarriers, and other biomaterials used in
advanced drug delivery systems. In addition, advanced models like transfer learning, graph neural networks, transformers, and deep
neural network-based virtual screening (DNN-VS) can enhance molecular representation learning to help identify therapeutic agents
as well as carriers with useful properties. This review will highlight the increasing convergence of artificial intelligence, bioengineering
and materials engineering, demonstrating how data-driven computational strategies are enabling the development of next-generation
biomaterials and nanocarrier systems for safer, more efficient, and clinically viable drug delivery applications.
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Yapay Zeka Destekli Gelismis llac Dagitim Sistemleri

Ozet: Yapay zeka (Al), hedef tanimlama, bilesik taramasi, molekiiler optimizasyon ve gelismis ilag daditim sistemlerinin
gelistiriimesini hizlandirarak ilag arastirmalarini énemli 6lgide donustirmustir. Bu derleme, yapay zeka ve Otomatik Makine
Ogrenimi’'nin (AutoML) ilag kesfine entegrasyonunu ele almakta ve lipit nanopartikiillerden malzemelerin molekiiler yapilarina
kadar, ilag dagitim malzemelerinin rasyonel tasarimi ve optimizasyonunda bu teknolojilerin giderek artan roliint vurgulamaktad r.
AutoML, veri 6n igleme, 6zellik mihendisligi, model secimi, hiperparametre optimizasyonu ve performans degerlendirmesi dahil
olmak Uzere makine 6grenimi siurecinin temel asamalarini otomatiklestirerek Olgeklenebilirligi ve tekrarlanabilirligi artinirken,
kapsamli alan uzmanhgina olan bagimliligi azaltir. Omik veriler, molekdler tanimlayicilar ve malzemeyle ilgili 6zellikler dahil olmak
Uzere heterojen veri kimelerini isleme yetenegi, gelismis ilag dagitim sistemlerinde kullanilan lipit nanopartikillerinin (LN P’ler),
polimerik nano tasiyicilarin ve diger biyomalzemelerin optimizasyonunu kolaylastirir. Buna ek olarak, transfer 6grenimi, grafik sinir
aglari, transformatoérler ve derin sinir agi tabanh sanal tarama (DNN-VS) gibi gelismis modeller, molekiler temsil 6grenimini
gelistirerek, terapdtik ajanlarin yani sira yararli 6zelliklere sahip tasiyicilarin da tanimlanmasina yardimci olabilir. Bu derleme,
yapay zeka, biyomuhendislik ve malzeme muhendisligi arasindaki artan yakinlagsmayi vurgulayacak ve veriye dayali hesaplamali
stratejiler, daha givenli, daha verimli ve klinik agidan uygulanabilir ilag dagitim uygulamalari igin yeni nesil biyomalzemelerin ve
nano-tasiyici sistemlerin gelistiriimesini mimkin kilmaktadir.
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1.Introduction

The evolution of Artificial Intelligence (Al) has led to the
automation of complex processes across various technological
domains. In the pharmaceutical field, Al has become a
transformative technology in drug discovery by accelerating
target identification, compound screening, lead optimization,
and the design of advanced drug delivery systems such as lipid
nanoparticles (LNPs). However, developing effective Al-driven
systems remains challenging due to the complexity of biological
data and the high computational cost associated with model
development. The design and optimization of drug delivery
materials require careful consideration of physicochemical
properties, including particle size, surface characteristics,
encapsulation efficiency, and stability, making materials
engineering an integral part of advanced drug delivery system
development. Lipid NPs have several applications in the
development of vaccines, gene therapy, and protein
replacement but may demonstrate toxicity, less efficient
delivery, and immune activation [1]. AutoML facilitates
automation of certain stages of the Al pipeline:data
preprocessing, model selection, hyperparameter tuning, and
evaluation. Once the data are curated, days of work are spent
on model identification or finalizing an activity prediction, which
constitutes an error process and depends on expertise.
Machine Learning (ML) techniques are appealing to the
pharmaceutical industry due to their automated nature,
predictive capabilities, and the consequent expected increase
in efficiency [2]. Apart from small molecule discovery, such
methods also facilitate the design and optimization of lipid
nanopatrticles (LNPs) formulations. Conventional methods such
as Graph Neural Network (GNN) and transformer models tend
to be very computationally intense; thus, a transfer learning
approach is used to lay off some of those computational
requirements. In such a case, generation models using SMILES
have been found to be a potential method to enable Al learn
chemical syntax and create structures of molecules for
advanced drug delivery systems. Simplified Molecular Input
Line Entry System Based (SMILES-based) networks like
Recurrent Neural Networks (RNNs), Variational Autoencoder
(VAEs), and Generative Adversarial Network (GAN) have
openly showcased the ability to learn the grammar of molecules
and generate syntactically valid molecules by sampling new
molecules with desired properties, these models can be used
for de novo drug design. The RNN tries to learn the sequential
dependency in molecular structures from SMILES string
representations, whereas GANs or VAES are used to diversify
and optimize the chemical space. The limitations being
generated in this way have opened up thoughts about systems
able to learn molecular representations and generate new
molecules having the same drug-like properties. The release of
regulatory guidance on the potential use of Bayesian statistics
in medical device development and regulatory endorsement of
the Bayesian methods for early clinical development has further
fueled the enthusiasm for Bayesian applications to drug
development issues, including those previously considered
intractable [3]. Innovative techniques for drug-target interaction
(DTI) prediction are overcoming traditional limitations. To
address the challenge of limited training data and poor
generalization, ML based on pre-trained protein language
models have significantly enhanced extrapolation capabilities
by analyzing the structural determinants of molecular
recognition [4].

2. Related Work

The integration of Al into pharmaceutical research has been
extensively studied, with significant progress in areas such as
drug-target interaction, prediction, virtual screening, de novo
molecule  generation, and  Absorption, Distribution,
Metabolism, Excretion, and Toxicity (ADMET) property

estimation. Early works primarily focused on manually
constructed pipelines where domain experts curated features
and selected machine learning models for specific tasks. Even
though effective, the limitations included scalability and
reproducibility over various types of data sets. On the other
hand, deep learning algorithms have the advantage of working
on big and different data sets, an aspect that is very important
in learning nonlinear patterns from biomedical data. The
advantage of the manual way is that good model
interpretability usually follows, provided one can quantify from
the trained model the strength of the influence of each feature
(for instance, it is ensured when using linear regression
models) [5]. An important note in this process is using
descriptive simplified molecular-input line-entry system
(SMILES) nomenclature in much of the algorithms regarding
de novo drug design and discovery [6].The progress in deep
learning has made it possible to design representation
learning techniques that can capture subtle biological patterns.
Deep Learning has rapidly emerged and has attracted an
increasing attention in the pharmaceutical industry and the
academic research community, as a promising tool in drug
research and development [7]. Graph Neural Network (GNN)
has achieved good performance on learning materials from
molecular structure, modeling atoms and bonds as nodes and
edges. In the same logic, transformer-based architectures
Molecule Attention Transformer (MAT) and ChemBERTa have
paved the way for context-aware molecular representation
models with SMILES or protein sequences representation.
These architectures have shown great potential in predicting
Lipid Nanoparticle (LNPs) formulations characteristics; e.g.
encapsulation efficiencies and particle sizes, using the
physical/chemical descriptors as a bridge between Artificial
Intelligence and Materials Engineering. However, the majority
of these approaches are limited with respect to the workflow is
initialized with a data gathering step, which includes the
compilation of molecular structures along with their
experimental biological of two types of data sets: training data
set and test data set. Upon curation, these are subjected to
feature extraction using cheminformatics packages such as
RDKit or DeepChem, to transform molecular representations
(SMILES, InChl) into numerical descriptors or embeddings.
Consequently, a deep neural network model was then here
termed DNN-VS (Deep Neural Networks for Virtual
Screening), was trained on the processed training data.

Figure 1 shows how the VAE-GAN architecture combines the
property of representation learning of Variational Autoencoder
(VAE) with the property of generating realistic samples of
Generative Adversarial Network (GAN). First, the encoder
q(ylx) takes molecular descriptors or  structural
representations of the known compounds as input and
encodes them in a low-dimensional latent space. Instead of
assigning one latent vector, the encoder learns the
distribution, which provides the opportunity to explore the
space of chemical meaning of the molecular representations.
One of such latent vectors is chosen and decoded into the
molecule, retaining its main chemical properties. Additionally,
the generator of the GAN architecture takes randomly chosen
latent vectors of the prior distribution p(z) to generate new
molecules. Generated and reconstructed molecules are then
classified by the discriminator, which tries to determine which
of the molecules is real and which is fake. Through adversarial
training, the generator gradually improves its ability to produce
realistic compounds escalating for the discriminator to
recognize.

From a materials engineering perspective, such an
architecture allows efficient exploration of the design space for
functional biomaterials and drug carriers. Due to
understanding of complex structure-property relations, the
model will allow for fast design and optimization of lipid
nanoparticles, polymeric drug carriers, and other advanced
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biomaterials with optimized physicochemical properties,
enhanced biocompatibility, stability, and drug release profile.
Thus, generative models using Al technologies become a
promising computational method for rational design of
advanced drug carriers. While models such as variational
autoencoders(VAEs) and flow-based methods have
demonstrated success in generating valid and unique
molecules, they often struggle with more complex, drug-like
compounds highlighting limitations in their applicability to real-
world drug design.In recent years, with advancements in
computational power and data availability, large language
models (LLMs) have demonstrated exceptional performance
in various areas, including content comprehension and
reasoning [8].In particular, this has relevance to LNP design,
where labelled experimental data sets remain sparse, and
transferring from larger molecular libraries presents an
important way forward. Merging transfer learning with AutoML
now stands as a very exciting pathway to optimize feature
extraction and model generalization at reduced computational
costs. Al has come to a crossroads and holds the potential of
ushering in innovation in widespread ways toward drug
discovery and delivery, especially in emergencies such as the
COVID-19 pandemic. A broad constellation of Al-based
methodologies was pursued to hasten the therapeutics
search. Among others, stand GNNs and knowledge graph-
based approaches, which show the greatest promise for
properly capturing complex biomedical interrelations and
hence providing steerage toward drug repurposing.
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Figure 1. Schematic representation of a hybrid Variational
Autoencoder—Generative Adversarial Network (VAE-GAN)
architecture for molecular generation in Al-assisted drug
discovery. The encoder converts molecular representations
into a latent space, while the decoder reconstructs molecular
structures from the learned latent variables. In parallel,
randomly sampled latent vectors are used to generate new
molecular candidates, and the discriminator distinguishes
generated molecules from real molecular data. Through
adversarial learning, the model improves the validity,
diversity, and chemical realism of the generated structures,
supporting the computational design and optimization of
advanced drug delivery materials. Source: Created by the
author.

Sekil 1. Yapay zeka destekli ilag kesfinde molekul Gretimi icin
kullanilan hibrit Varyasyonel Otokodlayici—Uretici Cekismeli
Ag (VAE-GAN) mimarisinin sematik gosterimi. Kodlayici
(encoder), molekuler gosterimleri gizil (latent) uzaya
donustarirken, kod ¢ozlicli (decoder) 6grenilen gizil
degiskenlerden molekdler yapilari yeniden olugturur. Paralel
olarak, rastgele érneklenen gizil vektorler yeni molekiil
adaylarinin Uretilmesinde kullanilir ve ayirt edici ag
(discriminator), Uretilen molekulleri gergek molekiler
verilerden ayirt eder. Cekismeli 6grenme (adversarial
learning) sayesinde model, Uretilen yapilarin gecerliligini,
cesitliligini ve kimyasal gergekgiligini artirarak gelismis ilag
tasiyici malzemelerin hesaplamali tasarimini ve
optimizasyonunu destekler. Kaynak: Yazar tarafindan
olusturulmustur.

A medical knowledge graph was constructed by embedding
five types of biomedical entities drugs, genes, diseases,
channels, and side effects along with nine distinct
relationships. GCNs augmented with attention mechanisms
were utilized to extract topological features and generate a
drug-disease prediction matrix. This strategy enabled the
identification of host-targeting drugs capable of disrupting
disease-relevant molecular pathways. The method based on
the Knowledge Graph Embedding (KGE) maps the entities
and relationships in the knowledge graph to a low-dimensional
continuous vector space, which can retain the inherent
characteristics of the knowledge graph and alleviate the
feature sparse problem that may be faced in the application of
the knowledge graph. The training process is divided into
multiple stages [9]. Unlike Structure-Based Methods, Al based
methodologies enable the integration of multiple types of
biomedical data to provide a Systems-Level understanding of
how diseases work. In addition, Al-driven materials
engineering methodologies specifically lipid nanoparticle
(LNP) design represent new frontiers with respect to the
rational formulation of nucleic acid delivery vehicles, via
predictive modelling and high throughput virtual screening.

3. Methods

Arguably, one of the most thrilling applications of Deep Neural
Networks in drug discovery is the development of novel
chemical entities. The integration of deep learning models,
notably Variational Autoencoders (VAESs), has paved the way
for the mapping of chemical structures, described as SMILES
strings (a molecular structure notation), into a continuous latent
space. Subsequent to its training, this model is able to generate
new molecules purely by randomly sampling the latent space
and decoding the randomly sampled points back into SMILES
strings.

This sampling process gives researchers the freedom to
design molecules with specific desired properties, such as
improved binding affinity or drug- likeness. RNNs, well-suited
to sequence systems such as SMILES strings, have also been
successfully used to generate valid chemical structures. RNNs
are capable of learning the probability distribution of characters
in a SMILES string and applying this knowledge to the
generation of new, structurally sound molecules. The networks
are trained on a large dataset of molecules, and RNNs can
autonomously generate new molecules that may possess
desirable pharmacological properties. Unfortunately, RNNs
suffer from the problem of vanishing gradients, which
significantly limits their ability to work with long sequences [10].

3.1. Model Training and Setup

A typical VAE model has two main components encoder and
the decoder. The encoder compresses input SMILES strings
into some continuous latent space, and the decoder learned to
reconstruct them back into SMILES sequences from the
standpoint of sampling points from the latent space it
generated new molecules that had the properties learned from
the original dataset. The same approach is applied when
formulating Lipid Nanoparticles (LNPs) using Latent Space
Frameworks.The GAN model uses two competing networks, a
discriminator and a generator. The discriminator judged
whether the new SMILES sequences that the generator tried
to create were valid. By using a large number of SMILES
molecular structures as training sets, the RNN model they
trained can automatically generate molecular structures with
high drug-like properties and the efficacy is as high as over
90%, and the diversity of molecular structures obtained is
basically the same as that of the training set [11]. The RNN
model was designed using stacked Long Short-Term Memory
(LSTM) layers that are mostly designed for sequential data like
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SMILES. Thus, the Long Short-Term Memory (LSTM) layers in
the model preserved long-term dependencies from one atom
in a molecule to the next atom. It tokenized the data at the
character-level so that the model could learn structural rules
directly from raw SMILES syntax. It also used batch
normalization and dropout layers in some trials to increase
generalizability.

3.2. Training and Sampling Strategy

The training approach of SMILES-based generative methods,
mainly based on RNN and GAN representations, will help to
optimize both syntactic correctness and chemical meaning. In
this work, SMILES representations of molecular structures are
initially tokenized and encoded to numerical sequences so that
those can be used as input to the generator model. Importantly,
RNN-based generators take advantage of the character-level
embedding to maintain the sequential properties of the
SMILES format.

Models are trained using ‘teacher forcing' to predict the next
token, under the objective of minimizing categorical cross-
entropy loss between predicted and actual token sequences.

To increase the diversity and novelty of molecules produced
with the generative models, we utilize a GAN framework that
consists of a generator (RNN or Transformer) that is trained to
produce valid SMILES strings and a discriminator that can
separate real training set and generated molecules. This is an
example of how generative artificial intelligence can be applied
across computational chemistry and materials science
domains to support data driven discovery of delivery systems
along with therapeutic molecules they carry

4. Evaluation of Generated Molecules

Assessing the quality, relevance, and usefulness of molecules
generated by Al is a critical step in drug discovery. Evaluating
these generated molecules requires evaluating more than
parsing for syntactic correctness but biological significance,
chemical novelty, and drug-likeness. For a more
comprehensive evaluation, a multi-metric framework is
typically used, focusing on all the following aspects: validity,
unigueness, novelty, diversity, desirability, and synthetic
feasibility. Furthermore, domain-relevant evaluations, such as
biological activity predictions and synthetic accessibility, must
be considered when isolating molecules that have the
maximum chance of success in the drug development
process. The evaluation criteria are usually categorized into
the following dimensions:

1. Validity,ensuring the molecules adhere to chemical rules.

2. Distinctiveness and originality verifying if the model
creates unique, never-before-seen structures.

3. Variety assessing how much of the chemical space has
been mapped out.

4. Drug-likeness and other major characteristics measuring
parameters such as molecular weight, logP, and general
appropriateness towards drug development.

5. Suggested biological activity predicting the probability of a
molecule binding to certain protein domains.

6. Ease of synthesis evaluating the difficulty of producing the
molecules in a laboratory setting.

7. Benchmarking assessing the model’s performance against
established databases such as GDB-13 or ChEMBL.

These batches are in the form of a matrix with a row for each
encoded SMILES string and appended with end tokens as
padding. Using smaller training set sizes (10,000 and 1000)
further highlights the data augmentation effect of ran-domized

SMILES and enables training models that are able to generate
62% of GDB-13 with only a sample comprising 0.001% of the
database. When training models on a ChEMBL training set,
randomized SMILES models have a much bigger output
domain of molecules in the same range of physicochemical
properties as the canonical SMILES models [12].

5. Future Challenges

Integrating Al into drug discovery can transform the pharma
industry by speeding up the research for new drugs and
enhancing the processes involved in developing them. Even
with the advancements in Al technologies, there is still more
work to be done in order to fully capitalize on Al’s capabilities.
Often, both the target and the biopharmaceutical are less
amenable to structure—activity studies and require significantly
different evaluation approaches to those used in the
development of small-molecule drugs [13]. Clearly, our
increasing ability to develop, deploy, and continuously improve
Al methodologies at scale bodes well for the future of Al-driven
advanced drug discovery, leading to better drugs to improve
people life quality and decreasing cost compare the traditional
methods.

5.1. Quality and Integration

Al models require training on high-quality, curated data with
sufficient diversity. Within the domain of drug discovery, the
biological, chemical, and clinical datasets available are often
isolated and incomplete. Gaps in datasets, data collection
mistakes, and biases built into the design of experiments all
severely limit the ability to train reliable Al models for drug
delivery systems. Furthermore, attempting to merge data from
genomic, proteomics, and clinical-trial databases is
exceedingly difficult due to the myriad of formats, scales,
complexities, and even the breadth of disciplines covered by
these databases. Meeting this need calls for unwavering
patronage of empirical protocols that describe spanning
processes at the data level. Moreover, editing algorithms
capable of processing imperfect datasets, unbalanced data
underused data will strengthen accuracy and reliability.

5.2. Ethical and Regulatory Considerations

Ethics has always been a major issue in any engineering field.
Incorporation of Atrtificial Intelligence (Al) in drug discovery
presents a serious ethical and regulatory issue. Use of Al tools
in a clinical setting is strictly regulated by law to safeguard the
safety of patients. Hence, patient consent must be acquired
whenever personal data is being gathered, while at the same
time giving utmost respect to patients' rights to information,
autonomy, and refusal of participation. Moreover, use of
biomedical data must adhere to stringent privacy and security
requirements.

Moreover, Al tools could inadvertently perpetuate biases in
healthcare, resulting in discrimination in terms of access to
care and decision-making processes. Thus, future Al
frameworks should be developed such that they are capable
of promoting fairness, transparency, reliability, and
accountability. It is important for regulatory agencies to also
set up guidelines for validating and approving Al-based drug
discovery systems to ensure that such systems meet the
highest standards of safety and efficacy. Despite the high
potential of Al in speeding up drug innovation, there is a need
for ethics to catch up with technology. In order to better define
the ethical responsibilities of artificial intelligence in drug
design, complete laws, regulations and regulatory
mechanisms need to be established. These laws and
regulations should clarify the status and role of Al in drug
design, as well as the responsibilities and obligations of all
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relevant parties. At the same time, the regulatory mechanism
should conduct comprehensive supervision and evaluation of
the decision-making process of Al to ensure its legality and
compliance [14].

6. Conclusion

The combination of Al, AutoML, and sophisticated deep
learning architectures is radically transforming the process of
drug discovery in pharmaceutics. Apart from being pure
predictors, these computational techniques are developing
into intelligent design systems to enable the acceleration of
molecular discovery, optimization of lead compounds, and
data-driven decision making during all phases of drug
development. The findings compiled in this review prove that
the use of molecular representations based on SMILES
combined with such architectures as VAEs, GANs, RNNSs,
transformer models, and GNNs has significantly boosted the
exploration of chemical space, increasing the efficiency of
molecular generation and virtual screening.

It is noteworthy that the applications of the abovementioned

technologies do not confine themselves to traditional small-
molecule discovery only. The computational approaches
powered by Al are becoming increasingly relevant for the
domain of materials engineering, as they provide the means
of rational design and optimization of lipid nanoparticles,
polymeric drug carriers, and other biomaterials applied in
modern drug delivery systems. The determination of the
complicated structure—property relations allow enhancing
important characteristics of materials, which include particle
size, encapsulation efficiency, physicochemical stability,
biocompatibility, and drug release. On the other hand, the
extensive use of artificial intelligence in pharmaceutical
science research continues to face obstacles linked to issues
of heterogeneity in data integration, model explainability, data
set quality, and compliance with regulations. Such problems
suggest that further developments will require not only the
improvement of the algorithms but also creating of appropriate
data infrastructures, validation procedures, and ethical
frameworks for the successful application of artificial
intelligence technologies that are capable of generating
reliable results. In summary, the information provided in this
paper demonstrates that the use of Al and AutoML
approaches can be considered as paradigms of new
technologies that are redefining not only the discovery of
molecules but also the engineering of new generation of
therapeutic materials. The integration of such technologies
with pharmaceutical sciences and materials engineering is
providing a computational framework for the design of safe
and personalized therapeutic systems.
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