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Abstract

The integration of artificial intelligence (Al) with quantitative structure—activity relationship (QSAR) modeling has transformed drug discovery and medicinal
chemistry by enabling rapid, accurate, and large-scale prediction of molecular properties and bioactivities. Traditional QSAR approaches are limited by
linear assumptions, small datasets, and limited feature extraction capabilities. In contrast, modern deep-learning (DL) frameworks such as convolutional
neural networks, graph neural networks, and recurrent architectures can automatically extract high-level chemical descriptors, handle complex nonlinearities,
and generalize across diverse chemical spaces. This article critically reviews the evolution of QSAR from classical statistical models to Al-driven deep-
learning paradigms, highlighting advances in molecular representation (e.g., SMILES embeddings, molecular graphs), model interpretability, and integration
with cheminformatics workflows. We discuss recent applications of deep-learning QSAR in hit identification, lead optimization, ADMET prediction, and
polypharmacology. Challenges such as data scarcity, overfitting, and the need for transparent, regulatory-compliant models are addressed. Finally, future
directions are proposed for developing explainable and transferable AI-QSAR models capable of accelerating drug discovery in an era of big data and
precision medicine.
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1. Introduction to QSAR and the Need for Al
1.1 Basics of OSAR

Quantitative Structure—Activity Relationship (QSAR) is are traditionally used for generating QSAR equations.’
a cornerstone of computational drug design, based on the The regulatory acceptance of QSAR by bodies like the
principle that the biological activity of a compound is a  U.S. Environmental Protection Agency (EPA) and the
function of its chemical structure. QSAR methods attempt Organisation for Economic Co-operation and Development
to establish mathematical models that correlate molecular ~ (OECD) further underscores its importance in chemical
descriptors such as physicochemical, topological, electronic, risk assessment.*

or hydrophobic parameters with pharmacological activities

or toxicological profiles of compounds.! By providing a cost-effective and time-saving alternative

to extensive in vitro and in vivo experimentation, QSAR has
The QSAR approach has been widely applied in played a significant role in early-stage virtual screening and
drug discovery, toxicology, agrochemical research, and lead optimization.’
environmental sciences. For instance, hydrophobicity
(expressed as logP), electronic distribution (Hammett /-2- Limitations of classical OSAR

constants), and steric effects (molar refractivity) have been  Despite its success, classical QSAR suffers from several
employed as classical descriptors in building predictive limitations. First, the selection of descriptors is often subjective
models.” Techniques such as linear regression, partial least  and restricted to pre-defined chemical properties, which may
squares (PLS), and principal component analysis (PCA)  not fully capture the underlying complexity of molecular
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interactions.® Linear and semi-linear models frequently fail to
accommodate the non-linear, high-dimensional relationships
between structure and activity. Moreover, the extrapolation
ability of traditional QSAR is weak, as models built on
specific chemical series often lack generalizability when
applied to structurally diverse datasets.’

Another major challenge is the curse of dimensionality.
With the availability of thousands of molecular descriptors,
feature redundancy and noise can lead to overfitting,
resulting in poor predictive accuracy for external datasets.
Additionally, small datasets a common scenario in rare
disease drug discovery limit the statistical robustness of
classical QSAR approaches. (Figure 1)

Interpretability is also a concern. While simple QSAR
equations are relatively transparent, complex multi-
parameter models can be difficult to interpret mechanistically,
reducing their usefulness in guiding medicinal chemistry
decisions.® Furthermore, classical QSAR methods have
limited ability to capture dynamic biological processes such
as protein conformational changes, solvation effects, or
allosteric modulations.’

These constraints have motivated researchers to explore
more flexible, data-driven methods capable of handling
large, heterogencous datasets and uncovering non-linear
relationships that classical QSAR cannot.
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Figure 1: Classical QSAR vs. Deep-learning—enhanced QSAR: A schematic comparing traditional QSAR methods
(Linear regression, descriptor-based) with modern Al/deep-learning approaches (CNNs, RNNs, GNNSs).

1.3. Rise of Al and deep learning in cheminformatics

The recent surge of Artificial Intelligence (Al) and deep
learning has transformed cheminformatics by overcoming
many of the limitations inherent in traditional QSAR.
Al-driven models such as random forests, support
vector machines, and ensemble learning techniques have
demonstrated superior performance in handling high-
dimensional chemical data, enabling accurate predictions
across diverse compound libraries.'

Deep learning, particularly neural networks with multiple
hidden layers, has further advanced predictive modeling
by learning complex, non-linear relationships without
requiring explicit feature engineering.!! Architectures such
as convolutional neural networks (CNNs) and graph neural
networks (GNNs) can directly process molecular graphs or
SMILES strings, thereby eliminating the need for manually
curated descriptors.!? This capability allows models to
capture intrinsic structural features, chemical substructures,
and molecular interactions with unprecedented precision.
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Al integration in QSAR has also enabled multi-task
learning, transfer learning, and active learning strategies
that are particularly useful for drug repurposing, de novo
drug design, and addressing sparse data challenges in rare
diseases.” Additionally, explainable Al approaches are
being developed to enhance model interpretability, bridging
the gap between predictive accuracy and mechanistic
understanding.'*

Therise of Al in QSAR represents not just an incremental
improvement but a paradigm shift. By leveraging big data,
computational power, and sophisticated algorithms, Al-
driven QSAR models hold the promise of accelerating
drug discovery pipelines, reducing experimental costs, and
supporting personalized medicine initiatives.'

2. Fundamentals of Deep Learning for QSAR
2.1 Overview of neural networks

Atrtificial Neural Networks (ANNSs) are the foundational
models of deep learning, designed to emulate the way
biological neurons process and transmit information. In their
simplest form, ANNs consist of layers of interconnected
units called artificial neurons or nodes. Each node performs
a weighted summation of inputs, followed by the application
of a non-linear activation function, producing an output that
is propagated to subsequent layers.!'¢

The basic architecture of a neural network comprises three
key components:

1. Input layer: Tepresenting the molecular descriptors
or features (e.g., physicochemical, topological, or
graph-based features of chemical compounds).

2. Hidden layers: Where computations are performed
through successive transformations, enabling the
model to capture complex, non-linear relationships
between chemical structure and biological activity.

3. Output layer: Which provides the final prediction,
such as biological activity, toxicity, or binding
affinity."”

In the context of QSAR, the power of neural networks
lies in their ability to approximate highly non-linear
functions. Unlike classical QSAR methods that rely on
predefined descriptors and linear models, ANNs can uncover
latent interactions between variables that may not be evident
through conventional statistical approaches.”® For instance,
non-linear activation functions such as sigmoid, hyperbolic
tangent (tanh), or rectified linear unit (ReLU) enable
networks to capture complex structure—activity landscapes
more accurately.

The depth of a network refers to the number of
hidden layers. While shallow networks (single hidden
layer) are capable of modeling simple relationships, deep
neural networks (DNNs) with multiple hidden layers offer
hierarchical feature extraction. In cheminformatics, this
means that lower layers can capture fundamental molecular
features (such as atom-level connectivity or substructures),

while deeper layers can learn higher-order interactions
relevant to pharmacological activity.?

Training a neural network involves optimizing the
weights of connections between nodes using algorithms
such as backpropagation, which relies on gradient descent
to minimize the difference between predicted and actual
outputs.’’ The availability of large chemical datasets,
improved computational power through GPUs, and
algorithmic advancements have contributed to the resurgence
of neural networks in modern QSAR applications.?

A significant advantage of neural networks in QSAR
is their flexibility. They can handle diverse forms of
chemical data, from traditional molecular descriptors to
raw representations such as Simplified Molecular Input
Line Entry System (SMILES) strings or molecular graphs.”
Moreover, neural networks can be extended into specialized
architectures like convolutional neural networks (CNNs)
for capturing spatial molecular features and graph neural
networks (GNNs) for directly modeling molecular graphs.?

2.2. CNNs, RNNs, and GNNs in molecular modelling

Convolutional Neural Networks (CNNs), originally
designed for image recognition, have been adapted to
molecular modelling by treating chemical structures as two-
dimensional matrices (e.g., molecular fingerprints or grids
of atomic features). CNNs are effective at identifying local
substructural patterns, enabling prediction of bioactivity
and toxicity.”

Recurrent Neural Networks (RNNs) are well suited
for sequential data, making them particularly effective in
processing SMILES strings, where each character represents
atoms or bonds. Variants such as Long Short-Term Memory
(LSTM) networks address long-range dependencies, enabling
accurate modeling of complex molecular sequences.?

Graph Neural Networks (GNNs) represent a significant
advancement, as molecules can be naturally encoded as
graphs with atoms as nodes and bonds as edges. GNNs learn
directly from molecular topology, capturing both local and
global structural properties. Techniques such as message
passing neural networks (MPNNs) and graph convolutional
networks (GCNs) have achieved state-of-the-art performance
in molecular property prediction and QSAR tasks.”

Collectively, CNNs, RNNs, and GNNs provide
complementary strengths in molecular modelling, offering
flexible frameworks to process diverse chemical data formats
and improving predictive accuracy beyond classical QSAR.

2.3. Autoencoders and GANs for molecular design

Autoencoders are unsupervised neural architectures that
learn compressed representations of molecules by encoding
high-dimensional chemical data into a latent space and
reconstructing it back. In QSAR and drug discovery,
autoencoders enable dimensionality reduction, denoising of
molecular descriptors, and generation of novel compound
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structures from latent features.”® Variational Autoencoders
(VAESs) extend this framework by learning continuous latent
distributions, facilitating smooth exploration of chemical
space for de novo molecular design.”

Generative Adversarial Networks (GANSs) consist
of a generator that proposes novel molecular structures
and a discriminator that evaluates their plausibility. In
cheminformatics, GANs have been applied to design drug-
like molecules with optimized properties such as solubility,
bioavailability, and activity against specific targets.® The
adversarial training process encourages the generator to
produce chemically valid and diverse structures, accelerating
lead discovery.’! (Figure 2)
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Figure 2: General workflow of Al-Driven QSAR modeling:
Data collection — preprocessing — feature extraction —
model building — validation — prediction.

3. Data Representation and Descriptor Engineering

The predictive success of QSAR and deep learning models
strongly depends on how chemical structures are represented
and encoded for computational analysis. Data representation
serves as the bridge between molecular structures and
machine learning algorithms, influencing both model
performance and interpretability.

Classical QSAR traditionally relies on molecular
descriptors, which are numerical values derived from
chemical structures that capture physicochemical, topological,
electronic, and geometric properties.*? Examples include logP
for lipophilicity, molecular weight, polar surface area, and
descriptors derived from quantum chemistry calculations.
More advanced representations include 2D topological
indices, 3D conformational descriptors, and 4D/5D
descriptors that account for dynamic molecular states.*

In cheminformatics, molecular fingerprints are widely
used as binary or count-based representations of substructures

within molecules. Popular variants such as MACCS keys,
Extended Connectivity Fingerprints (ECFPs), and Morgan
fingerprints encode substructural patterns for similarity search
and QSAR modeling.** These fingerprints provide compact,
high-dimensional representations that are computationally
efficient and interpretable in terms of chemical subunits.

With the rise of deep learning, representation learning has
shifted toward using raw formats like Simplified Molecular
Input Line Entry System (SMILES) strings or molecular
graphs. SMILES enable sequence-based modeling using
recurrent neural networks (RNNs) or transformers,* while
graph-based encodings allow graph neural networks (GNNs)
to directly exploit atomic connectivity and bond features.”’
These approaches bypass handcrafted descriptors by learning
task-specific features directly from molecular structure.

Descriptor engineering remains crucial, as redundancy,
correlation, and noise in descriptor sets can impair model
accuracy. Feature selection and dimensionality reduction
techniques such as principal component analysis (PCA) and
autoencoders are often applied to refine descriptor sets for
robust QSAR modeling.

3.1. Molecular fingerprints and smiles encoding

Molecular fingerprints are one of the most widely
used chemical representations in QSAR modeling and
cheminformatics. They encode the presence or absence of
specific structural fragments as binary vectors, or in some
cases as count-based vectors, thereby enabling efficient
similarity searches and predictive modeling.”’ Popular
fingerprints include MACCS keys, which use a fixed set
of predefined structural motifs, and Extended Connectivity
Fingerprints (ECFPs), also known as circular fingerprints,
which capture atom-centered substructures within a defined
radius.® These representations are particularly effective for
substructure analysis, clustering, and virtual screening.

Complementary to fingerprints, the Simplified Molecular
Input Line Entry System (SMILES) encodes molecules as
one-dimensional strings based on rules for atoms, bonds,
and connectivity.” SMILES strings are compact and easily
parsed, making them compatible with sequence-based
learning models such as recurrent neural networks (RNNs)
and transformers. However, SMILES are not unique (multiple
strings may represent the same molecule), which has led
to the development of canonical SMILES and randomized
SMILES strategies for improved model generalization.*

Both fingerprints and SMILES representations have
been extensively applied in QSAR, offering flexible and
computationally efficient means of capturing molecular
information. While fingerprints are well-suited for
similarity-driven tasks, SMILES encoding facilitates deep
learning applications, particularly in generative molecular
design. (Figure 3)
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Figure 3: Types of deep learning architectures in QSAR: CNN, RNN, autoencoders, graph neural networks — with examples
of molecular input representations (SMILES, fingerprints, molecular graphs).

3.2. Feature extraction using deep learning

Deep learning introduces a paradigm shift in molecular
feature representation by enabling automatic feature
extraction directly from raw molecular data, reducing
reliance on handcrafted descriptors. Instead of predefining
structural or physicochemical parameters, neural networks
learn hierarchical, task-specific features that capture both
local and global chemical patterns.

For sequence-based inputs like SMILES, convolutional
neural networks (CNNs) and recurrent neural networks
(RNNs) can automatically extract chemical substructures,
bond contexts, and sequential dependencies relevant for
bioactivity prediction. For molecular graphs, Graph Neural
Networks (GNNs) apply message-passing algorithms to
propagate information between atoms and bonds, learning
expressive node and graph-level embeddings.

Unsupervised architectures such as autoencoders
also contribute to feature extraction by compressing high-
dimensional molecular descriptors into compact latent spaces,
which preserve essential information while filtering noise.
Similarly, attention-based models, including transformers,
enhance interpretability by highlighting the most informative
molecular substructures associated with activity.*!

3.3. Graph-Based molecular representations

Molecules can be naturally represented as graphs, where
atoms correspond to nodes and chemical bonds to edges.

This representation captures both local and global structural
properties of molecules more explicitly than traditional
descriptors or SMILES strings. Each node is associated with
features such as atomic number, hybridization state, valence,
and charge, while edges can encode bond type, order,
and aromaticity.*> Unlike linear encodings, graph-based
representations inherently preserve molecular topology and
connectivity, making them highly expressive for QSAR and
cheminformatics tasks.

The rise of Graph Neural Networks (GNNs) has enabled
direct learning from molecular graphs without the need for
handcrafted descriptors. GNNs operate through message
passing, where information is iteratively exchanged between
neighboring atoms and aggregated to generate node-level
and graph-level embeddings. Variants such as Graph
Convolutional Networks (GCNs), Graph Attention Networks
(GATs), and Message Passing Neural Networks (MPNNs)
have shown state-of-the-art performance in predicting
physicochemical properties, bioactivity, and toxicity.*

Graph-based approaches also facilitate the modeling
of context-dependent chemical interactions, including
stereochemistry and ring structures, which are challenging
for traditional fingerprint methods. Additionally, GNNs can
incorporate 3D spatial information, enabling the prediction of
quantum chemical properties and protein—ligand interactions.*
Recent extensions such as equivariant GNNs integrate
geometric constraints, making them particularly relevant for
molecular dynamics and structure-based drug design.*
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4. AI-Powered QSAR Modeling Frameworks

The integration of Artificial Intelligence (AI) into QSAR
modeling has revolutionized how chemical and biological
data are processed, analyzed, and utilized in drug discovery.
Unlike traditional QSAR approaches, which rely heavily on
handcrafted descriptors and linear modeling, Al-powered
frameworks employ machine learning (ML) and deep learning
algorithms to capture highly non-linear and multidimensional
relationships between molecular structures and biological
activities. A typical Al-powered QSAR framework consists
of four core components.

4.1. Data preprocessing and representation

Molecules are encoded using descriptors, fingerprints,
SMILES strings, or graph-based representations.*® Model
construction — Al algorithms such as random forests,
support vector machines, convolutional neural networks
(CNNs), recurrent neural networks (RNNs), or graph neural
networks (GNNs) are trained on chemical datasets to learn
structure—activity relationships. Validation and evaluation —

frameworks employ cross-validation, external validation sets,
and applicability domain analysis to ensure robustness and
generalizability. Deployment and interpretation — predictive
models are integrated into pipelines for virtual screening,
lead optimization, and toxicity prediction, with increasing
emphasis on explainable Al for interpretability.

Several specialized frameworks have been developed
to support Al-driven QSAR. DeepChem provides an open-
source platform integrating GNNs and multitask learning for
molecular property prediction. MoleculeNet, a benchmark
dataset suite, facilitates standardized evaluation of deep
learning models for QSAR.*” Commercial platforms such
as BIOVIA, Schrodinger’s DeepChemistry, and Atomwise
leverage proprietary Al pipelines for large-scale screening
and de novo design.

The advantages of these frameworks include scalability
to millions of compounds, improved predictive accuracy, and
the ability to handle multimodal data, such as integrating
chemical structures with biological assay results or omics
data. However, challenges remain in terms of interpretability,
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reproducibility, and regulatory acceptance. Efforts toward
explainable Al and transfer learning are addressing these
gaps, making Al-powered QSAR increasingly relevant for
precision medicine and rational drug design.*®

4.2. End-to-end deep learning models

End-to-end deep learning has emerged as a powerful paradigm
in QSAR, enabling models to directly learn predictive
features from raw chemical representations without manual
descriptor engineering. Instead of relying on predefined
physicochemical or structural descriptors, these models
process inputs such as SMILES strings or molecular graphs,
automatically extracting hierarchical features relevant for
activity prediction.*

Convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) have been applied to SMILES-
based representations, learning substructural patterns and
long-range dependencies between atoms and bonds. More
recently, graph neural networks (GNNs) have gained
prominence by leveraging molecular graphs, where message-
passing algorithms allow direct learning of atomic and bond-
level interactions.

End-to-end models offer significant advantages in
scalability and generalizability, as they can adapt to diverse
chemical datasets and capture complex non-linear structure—
activity relationships. However, challenges remain in terms of
interpretability, data requirements, and potential overfitting
when applied to small or imbalanced datasets. (Figure 4)

4.3. Transfer learning and multi-task learning in OSAR

Transfer learning and multi-task learning (MTL) are
strategies that enhance QSAR modeling by leveraging shared
knowledge across datasets and prediction tasks. Transfer
learning involves pretraining a model on a large, chemically
diverse dataset, followed by fine-tuning on a smaller, task-
specific dataset.®® This approach is particularly valuable
in rare disease drug discovery, where limited labeled data
hampers traditional QSAR modeling.

Multi-task learning enables simultaneous prediction
of multiple molecular properties (e.g., solubility, toxicity,
and activity), with tasks sharing common representations
across neural network layers.’! MTL improves generalization
by exploiting correlations between tasks and mitigating
overfitting, especially when individual datasets are small.

Applications of transfer and MTL approaches include
large-scale bioactivity prediction, ADMET modeling,
and drug repurposing. Frameworks such as DeepChem
and MoleculeNet benchmarks have demonstrated the
effectiveness of these strategies in improving both predictive
performance and computational efficiency.

4.4. Software and platforms (DeepChem, Chemprop)

The rapid adoption of Al in QSAR has been facilitated by
the development of open-source platforms and specialized
toolkits that lower barriers to entry and standardize workflows.

DeepChem is one of the most widely used Python-based
frameworks for molecular machine learning. It provides a
unified interface for diverse algorithms, including graph
convolutional networks, multitask learning, and transfer
learning, alongside benchmark datasets from MoleculeNet.*
DeepChem supports end-to-end pipelines encompassing
molecular featurization, model training, evaluation, and
deployment, making it a valuable resource for academic and
industrial research.

Chemprop is another state-of-the-art platform designed
for molecular property prediction using message-passing
neural networks (MPNN5).* It employs directed MPNNs for
feature extraction from molecular graphs, achieving strong
performance across bioactivity and physicochemical property
prediction benchmarks. Chemprop supports multi-task
learning, uncertainty quantification, and ensemble methods,
providing robust and scalable QSAR modeling capabilities.>*

5. Model Training, Validation, and Evaluation

The reliability of Al-powered QSAR models depends not
only on algorithmic design but also on rigorous training,
validation, and evaluation strategies. During training,
molecular representations (e.g., fingerprints, SMILES,
graphs) are mapped to biological or physicochemical
activities through supervised learning. Hyperparameters such
as learning rate, batch size, and network depth are optimized
to balance predictive accuracy and generalization.

Validation is crucial to avoid overfitting and to assess
the model’s ability to generalize. Common strategies include
k-fold cross-validation, leave-one-out validation, and the use
of external test sets that remain unseen during training. The
concept of an applicability domain is also vital, defining the
chemical space in which the model’s predictions are reliable.

For evaluation, multiple performance metrics are used
depending on the task type. Regression tasks employ root
mean square error (RMSE), mean absolute error (MAE),
and coefficient of determination (R?), while classification
tasks rely on accuracy, area under the ROC curve (AUC),
precision, recall, and Fl-score.®® More advanced metrics,
such as calibration curves and uncertainty quantification, are
increasingly integrated to improve decision-making in drug
discovery pipelines.

5.1. Training pipelines and hyperparameter tuning

The development of Al-powered QSAR models relies on
well-designed training pipelines that ensure data quality,
model robustness, and reproducibility. A typical pipeline
begins with data preprocessing, involving curation, removal
of duplicates, normalization, and molecular encoding into
suitable formats such as fingerprints, SMILES strings, or
graph-based features. Following this, the dataset is divided
into training, validation, and test sets to prevent information
leakage and ensure unbiased performance estimation.

Model training involves selecting an appropriate neural
architecture (e.g., convolutional, recurrent, or graph neural
networks) and optimizing it on the training data. Central
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to this process is hyperparameter tuning, which controls
aspects such as learning rate, batch size, number of layers,
hidden units, dropout probability, and optimizer choice.”’
Hyperparameter values strongly influence convergence,
generalization, and computational efficiency.

Conventional tuning methods include grid search and
random search, which systematically explore parameter
spaces but may be computationally expensive. More advanced
methods, such as Bayesian optimization, genetic algorithms,
and Hyperband, improve efficiency by adaptively exploring
promising regions of the search space.”® Recently, AutoML
frameworks have automated this process, accelerating the
design of optimized QSAR pipelines.” (Figure 5)
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Figure 5: Future Perspective: Integration of QSAR with
Al tools (federated learning, explainable Al, quantum
computing).

5.2. Cross-validation and external validation techniques

Validation is critical in QSAR modeling to ensure that
predictive performance is not overestimated and that models
generalize to unseen compounds. Cross-validation (CV) is
the most widely used internal validation strategy. In k-fold
CV, the dataset is partitioned into & subsets; the model is
trained on k-7 folds and tested on the remaining fold, with
the process repeated until each fold has served as the test
set. Variants include leave-one-out CV (LOO-CV), useful
for small datasets, and stratified CV, which preserves class
balance in classification problems.®

However, cross-validation alone may not reflect real-
world predictive reliability. External validation testing on a
dataset completely excluded from model building provides
a stronger measure of generalizability. A common strategy
is the temporal split, where training is performed on earlier
compounds and validation on more recent ones, mimicking
prospective prediction in drug discovery.

5.3. Metrics for QSAR performance evaluation

Selecting the right evaluation metrics is essential for
comparing and interpreting QSAR model performance. The
choice depends on whether the task is regression (predicting

continuous molecular properties) or classification (predicting
categorical outcomes such as active/inactive compounds).

For regression tasks, metrics include Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and
R? (coefficient of determination). RMSE and MAE quantify
the magnitude of prediction errors, while R? evaluates the
proportion of variance explained by the model.*!

For classification tasks, commonly used metrics are
accuracy, precision, recall, and the F1-score, which balance
sensitivity and specificity.? In imbalanced datasets, Area
Under the ROC Curve (AUC-ROC) and Area Under the
Precision-Recall Curve (AUC-PR) provide more informative
measures of discriminative ability.®

Beyond conventional metrics, calibration plots,
applicability domain analysis, and uncertainty estimation are
increasingly applied to assess the reliability of predictions in
drug discovery. These measures not only evaluate accuracy but
also support regulatory acceptance of QSAR models.

6. Applications in Drug Discovery and Toxicology

Al-powered QSAR models are increasingly applied in drug
discovery and toxicology, where they accelerate compound
screening, optimize lead molecules, and ensure safety
assessment. In early-stage drug discovery, QSAR models
help predict bioactivity, binding affinity, and selectivity
against therapeutic targets, thereby reducing reliance on
costly and time-consuming high-throughput screening.
Deep learning frameworks, such as convolutional and
graph neural networks, enable accurate modeling of large
chemical libraries, improving the identification of novel drug
candidates with desirable pharmacological profiles.*

In toxicology, QSAR approaches are widely employed
for in silico toxicity prediction, including carcinogenicity,
hepatotoxicity, cardiotoxicity, and endocrine disruption.
Regulatory agencies such as the U.S. Environmental Protection
Agency (EPA) and the European Chemicals Agency (ECHA)
endorse QSAR models as alternatives to animal testing under
REACH and other safety guidelines. Moreover, multi-task
learning allows simultaneous prediction of multiple toxicity
endpoints, enhancing risk assessment efficiency.

6.1. Hit identification and lead optimization

In modern drug discovery, QSAR models are integral
to hit identification and lead optimization, where they
reduce experimental workload by prioritizing promising
molecules. Deep learning—based QSAR frameworks can
analyze millions of virtual compounds to identify hits with
high binding affinity to specific biological targets. For
example, convolutional neural networks (CNNs) trained on
molecular fingerprints and SMILES representations have
shown superior performance in virtual screening compared
to classical approaches.

Once hits are identified, QSAR models further aid
in lead optimization, predicting activity cliffs, structure—
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activity relationships, and guiding chemical modifications
to improve potency, selectivity, and safety. Graph neural
networks (GNNs) are particularly valuable because they
directly capture molecular topology, allowing optimization
of structural features critical for drug—target interactions.
Moreover, Al-driven multi-parameter optimization integrates
QSAR with pharmacokinetics and toxicity endpoints,
enabling rational decision-making in lead development.®

6.2. Toxicity prediction and admet profiling

QSAR models are increasingly deployed for toxicity prediction
and ADMET (Absorption, Distribution, Metabolism,
Excretion, and Toxicity) profiling, critical steps in ensuring
drug safety. Traditional in vitro and in vivo assays are
resource-intensive and ethically challenging; hence, in silico
QSAR models serve as efficient, non-animal alternatives.®

Machine learning—based QSAR approaches predict
diverse toxicity endpoints, including carcinogenicity,
cardiotoxicity, hepatotoxicity, and endocrine disruption.”’
Multi-task neural networks have demonstrated the ability
to predict multiple ADMET properties simultaneously,
improving efficiency and reducing data fragmentation.®®
For example, deep learning frameworks trained on large
pharmacokinetic datasets have outperformed conventional
models in predicting blood-brain barrier permeability and
cytochrome P450 interactions.

Regulatory agencies such as the U.S. Environmental
Protection Agency (EPA) and European Chemicals Agency
(ECHA) endorse QSAR-based toxicity prediction for
chemical safety assessment, especially under REACH and
OECD guidelines. Integrating Al-driven QSAR into ADMET
profiling enables early elimination of unsafe candidates,
reducing late-stage clinical failures.

6.3. Personalized QSAR models

The integration of personalized medicine with QSAR
modeling is a growing frontier in precision drug discovery.
Traditional QSAR models generalize across populations,
but they often overlook inter-individual variability in
drug response due to genetic, epigenetic, and metabolic
differences .* Personalized QSAR models aim to incorporate
patient-specific data, such as genomics, proteomics, and
metabolomics, to predict drug efficacy and safety tailored to
individual profiles.

Al-based QSAR approaches, especially those leveraging
deep learning, enable the integration of multi-omics data with
molecular descriptors, capturing patient-specific variability
in drug response.” For example, machine learning models
trained on cancer genomics and pharmacogenomics datasets
(e.g., GDSC, CCLE) can predict how different patient-derived
cell lines respond to targeted therapies.”' This facilitates the
design of personalized drug regimens and repurposing of
existing drugs for specific subgroups.

Although still in early stages, personalized QSAR
holds promise in reducing adverse effects, improving

therapeutic outcomes, and supporting precision oncology and
individualized toxicology testing.”

7. Challenges and Future Perspectives

Despite remarkable progress, the application of Al-driven
QSAR modeling faces several challenges that limit its
widespread adoption. A major concern is data quality and
availability,as QSAR models rely heavily on large, diverse, and
accurately annotated datasets. Many chemical and biological
datasets are biased, imbalanced, or contain experimental
inconsistencies, which can compromise model reliability.
Another challenge lies in the interpretability of deep learning
models. While neural networks provide high predictive
accuracy, their “black-box” nature often hinders mechanistic
insights, raising concerns for regulatory acceptance.

Model generalizability is another critical issue;
QSAR models trained on limited chemical space often
fail when extrapolated to novel compounds. Furthermore,
hyperparameter optimization and reproducibility remain
difficult, particularly when dealing with complex deep
learning architectures. On the regulatory side, agencies
demand transparency and explainability in predictive models
for drug approval and chemical safety assessment, creating
barriers for Al-driven QSAR integration.”

Looking forward, emerging trends such as transfer
learning, federated learning, and explainable Al (XAI) hold
promise for overcoming these barriers. Integration of QSAR
with multi-omics, systems biology, and real-world patient
data will further enhance personalized drug discovery.
Collaboration between academia, industry, and regulatory
bodies will be vital to ensure robust, interpretable, and
clinically relevant Al-powered QSAR models.

7.1. Data quality and size limitations

The reliability of QSAR models depends strongly on the
quality, diversity, and volume of chemical-biological
datasets. Many public datasets contain noisy, imbalanced, or
inconsistent measurements, limiting model robustness and
reproducibility.” Furthermore, small dataset sizes remain
a barrier for deep learning, which generally requires large-
scale data to avoid overfitting. Initiatives such as ChEMBL
and PubChem provide curated chemical-bioactivity data,
but challenges remain in harmonizing assay protocols and
addressing data sparsity for rare targets.”” Federated learning
and data-sharing frameworks are emerging to mitigate these
limitations without compromising data privacy.

7.2 Model interpretability and regulatory acceptance

Although deep learning—based QSAR models achieve high
predictive performance, their “black-box” nature raises
concerns about trustworthiness in decision-making. For
regulatory agencies such as the FDA, EMA, and OECD,
interpretability is a key requirement for risk assessment and
safety validation. Lack of transparency hinders the acceptance
of Al-driven QSAR in regulatory submissions for drug
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approval and toxicology. Explainable Al (XAI) methods,
including attention mechanisms, saliency mapping, and
Shapley additive explanations (SHAP), are being developed
to provide mechanistic insights while retaining predictive
accuracy. Bridging this gap is essential for translating QSAR
models into regulatory practice.

7.3 Integration with generative AI and quantum computing

Recent advances in generative Al (e.g., variational
autoencoders, GANs, and diffusion models) have enabled
the design of novel molecules optimized for activity,
safety, and synthesizability. When combined with QSAR
models, generative frameworks create closed-loop drug
discovery pipelines capable of de novo molecular design
and optimization.” In parallel, quantum computing offers
potential breakthroughs by simulating quantum—chemical
interactions beyond the capacity of classical computing, thus
improving descriptor generation and activity prediction.”
Although still in its infancy, the integration of QSAR with
quantum machine learning (QML) and generative Al is
poised to redefine next-generation drug discover.

8. Conclusion

Al-powered deep-learning methods have enhanced QSAR
modeling by enabling richer molecular representations and
more accurate predictions, improving multiple stages of
drug discovery. Continued advances in interpretability, data
quality, and model robustness will be essential for fully
realizing the potential of AI-QSAR in precision medicine.
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