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Abstract: The integration of machine learning (ML) and deep learning (DL) into drug discovery and target identification has 
catalyzed a paradigm shift in pharmaceutical research, enhancing efficiency and translational potential for nano-enabled therapeutics. 
ML models have demonstrated up to 85% accuracy in predicting drug–target interactions, whereas DL frameworks, such as 
convolutional neural networks (CNNs), graph neural networks (GNNs), and transformer architectures, can improve molecular property 
predictions by 40%. AI-driven drug discovery workflows have curtailed drug candidate attrition rates by up to 30% and accelerated 
discovery timelines by 20%–40%, accentuating their rising industrial and clinical impact. This critical review evaluates the transfor
mative roles of ML and DL in the drug discovery pipeline, emphasizing their capacity to accelerate development timelines and 
advance precision nano medicine. We analyzed predictive modelling techniques, including quantitative structure–activity relationship 
(QSAR) and absorption, distribution, metabolism, and excretion (ADME) predictions, which streamline the identification of viable 
drug candidates, including nanocarrier-enabled drug systems. Virtual screening and bioactivity prediction further refine candidate 
prioritization, whereas target identification and validation leverage protein–ligand interaction modelling and biological pathway 
analysis to ensure therapeutic specificity. Additionally, we discuss the profound impact of DL on medical image analysis, genomic 
data interpretation, and protein structure prediction (PSP), which collectively advance structural bioinformatics and enable optimized 
targeted nano medicine. By synergizing ML and DL, multi-modal data fusion, explainable artificial intelligence (XAI), and 
nanotechnology-driven datasets, the drug discovery process is evolving into a more efficient, predictive, and patient-centric endeavor, 
paving the way for ground-breaking therapies and improved clinical outcomes. 
Keywords: machine learning, deep learning, drug discovery, drug targeting, predictive modelling, virtual screening, genomics, 
precision nanomedicine

Introduction
Brief Overview of the Drug Discovery Process in Nano Medicine
Drug discovery is a protracted and complex process aimed at developing novel compounds and pharmaceuticals for the 
diagnosis and treatment of diseases, thereby enhancing human health, with increasing emphasis on precision nanome
dicine and nanomedicine-based therapeutic strategies. The process commences with the precise identification of a 
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biological target, such as a protein or enzyme, that contributes to the pathogenesis of the disease. These targets can be 
identified through genetic studies, research on disease pathology, or computational modelling and are increasingly 
informed by multi-omics data and nano–bio interaction studies.1 Once a genetic target is identified, researchers attempt 
to validate it by confirming its role in the condition and considering it for future drug treatments, including its suitability 
for nano-enabled targeting and delivery. In the hit generation step, molecules or compounds that engage the target and 
modify its action are identified using techniques such as high-throughput chemical screening, virtual screening using 
computer models, and rationalized drug design. Once these primary hits are discovered, the next step is to ensure that the 
lead compounds are stable, potent, selective, and possess essential pharmacological properties (Figure 1).2

Medicinal chemistry techniques are employed to refine these hits by making structural modifications to improve their 
drug-like profiles. The drug developer then initiates a New Drug Application (NDA) or Marketing Authorization 
Application (MAA) seeking approval from regulatory authorities, such as the U.S. These regulatory bodies evaluate 
the data to assess the drug’s safety, efficacy, and quality; once approved, the drug can be marketed and sold in the 
respective countries.3

A collaborative interdisciplinary process involving scientists from multiple fields, such as chemistry, biology, 
pharmacology, and nanotechnology, is critical for successful drug discovery. Furthermore, advances in science and 
technology continue to influence drug discovery, providing additional tools for drug refinement and supporting the 
clinical translation of precision nano-medicine stages.

Graphical Abstract
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Role of Technology in Accelerating Drug Discovery in Nano Medicine
Each year, drug discovery efforts screen millions of compounds, identifying tens of thousands of hits and leads, with 
approximately 1, 000–1, 500 candidates entering Phase-I clinical trials. Despite this scale, only 30–50 new drugs are 
approved annually, reflecting high attrition rates in development, which are mainly pronounced for complex biological 
targets and delivery challenges.3 The widespread utilization of technology in drug discovery is primarily attributed to its 
efficacy in expediting the process and enhancing its precision and scope (Figure 1). The implementation of automation, 
robotics, imaging, and sensing methodologies has augmented the rapidity of analyzing chemical libraries with greater 
breadth against biological targets. Advanced imaging and nanoscale characterization tools further allow for real-time 
monitoring of nanoparticle behavior, cellular uptake, and biodistribution. Consequently, a substantial number of possi
bilities that would have previously required years to screen can now be evaluated more quickly. Deterministic 
approaches, including molecular modelling, virtual screening, and structure-based drug design, employ advanced 
algorithms and computational resources to predict the associations between small molecules and biological targets.4 

This tactic shortens the process of off-target identification and explores molecules with specific characteristics, thereby 
enhancing medicinal chemistry.

Genomics, proteomics, and other “omics” technologies are driving the next generation of precision nanomedicine by 
enabling comprehensive biological profiling and providing deeper insights into disease mechanisms, biomarker discov
ery, and drug target identification. Advanced methodologies, such as high-throughput sequencing and mass spectrometry, 

Figure 1 Overview of (A) the nano medicine and drug discovery process for lead optimization and target identification, validation, and lead optimization, (B) the critical 
role of advanced technologies in drug discovery, (C) types of techniques used in drug discovery, and (D) advantages of ML and DL in accelerating and enhancing efficiency, 
accuracy, and decision-making, with implications for precision nano medicine in the drug discovery process (Created using BioRender).
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support large-scale analyses of genetic, proteomic, and metabolomic data, paving the way for novel drug targets and 
personalized therapeutic strategies.5 To maximize the impact of these technologies, integrated platforms have been 
developed to facilitate data sharing, analysis, and interpretation. These platforms leverage advanced artificial intelligence 
(AI) tools and foster collaboration among multidisciplinary teams and external partners, enhancing multimodal data 
accessibility and accelerating decision-making in drug discovery pipelines. By streamlining communication and expedit
ing knowledge dissemination, these integrative systems significantly enhance the efficiency of translational research and 
the development of targeted and nano-enabled therapies.

Introduction to Machine Learning and Deep Learning
The integration of machine learning (ML) and deep learning (DL) technologies is transforming the nanomedicine 
pharmaceutical industry by enabling more comprehensive analyses of biomedical data, predicting drug–target interactions, 
and accelerating the development of new drugs.6 ML, a specialized branch of artificial intelligence (AI), involves training 
computers to learn autonomously from structured datasets without explicit programming.7 In drug discovery, ML-driven 
data mining facilitates the identification of biological, chemical, and clinical patterns, thereby allowing the development of 
predictive models for small molecules and nanomedicines. DL, a subset of ML, uses artificial neural networks (ANNs) with 
multiple layers to extract complex hierarchical features from data.8 This capability makes DL particularly effective for 
recognizing intricate patterns within large datasets (high-dimensional omics data, medical imaging data, and nanoparticle 
characteristics). Together, ML and DL serve as transformative tools that redefine drug research methodologies, enhance 
decision-making through big data insights, and expedite the identification of novel therapeutic candidates.9 Drug discovery 
is a multifaceted process aimed at developing novel compounds and pharmaceutical agents to diagnose, treat, and prevent 
diseases, while improving overall human health. This review systematically examines the drug discovery pipeline, 
encompassing target identification, drug development, and regulatory approval, and critically evaluates the current 
methodologies and their limitations, emphasizing AI and nano medicine-driven approaches.10

The key objectives of this review are as follows: First, it provides a comparative analysis of the essential drug 
discovery stages, including target validation, hit-to-lead identification, lead optimization, and clinical trials. Second, it 
highlights the interdisciplinary nature of drug discovery, spanning AI and nanotechnology. Third, it examines emerging 
technological advancements that are poised to reshape the field towards precision nanomedicine. The structure of this 
review is as follows: The “Introduction” section presents a comprehensive overview of the drug discovery process, 
emphasizing the revolutionary roles of ML and DL. The “Methodology” section details the data sources, study selection 
criteria, and statistical approaches employed in this review. The subsequent section, “Applications of ML in Drug 
Discovery”, explores predictive modelling techniques, compound screening methods, and target identification strategies 
that enhance the efficiency of drug development. The “DL Applications in Drug Discovery and Drug Targeting” section 
delves into specialized applications, such as medical image analysis, genomic data interpretation, protein structure 
prediction, and nano-enabled drug delivery optimization.

A key highlight of this review is the “Case Studies and Reports”, which illustrates the real-world applications of ML 
and DL in drug discovery. This includes four major case studies: (1) the use of DL to predict protein-ligand binding 
affinities, accelerating drug design by accurately forecasting binding strength; (2) ML-driven drug repurposing, identify
ing existing drugs for new therapeutic uses, such as COVID-19 treatment; (3) target identification through biological 
network analysis, leveraging ML to uncover novel drug targets in complex diseases; and (4) recent innovations in ML for 
drug discovery, showcasing state-of-the-art approaches, including graph neural networks for drug design and nanodrug 
delivery. These case studies highlight the profound impact of ML/DL on pharmaceutical research, providing data-driven 
insights and tangible success.

The subsequent section discusses “Ethical and Regulatory Considerations”, addressing challenges related to data privacy, 
model transparency, and regulatory compliance in AI-driven drug discovery and nano-enabled therapeutics. The review then 
explores “Challenges and Future Directions”, emphasizing the need for enhanced data accessibility, improved interpretability 
of ML/DL models, and stronger collaboration between ML experts and domain specialists. The manuscript concludes with 
“Limitations and Constraints of ML-enabled Research”, followed by a “Conclusion” that emphasizes the significant potential 
of ML and DL in transforming pharmaceutical sciences to advance precision nano medicine.
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The integration of artificial intelligence, particularly machine learning and deep learning, into nanomedicine-enabled 
drug discovery is highly dependent on the availability, quality, and standardization of data. In contrast to small-molecule 
drug discovery, nanomedicine has distinct data-related issues owing to the inherent physicochemical complexity and 
heterogeneity of nanoscale systems. Such issues have a major impact on the reliability, interpretability, and translational 
applicability of AI-driven models.11

One of the greatest weaknesses of nanomedicine data science is heterogeneity in nanoparticle formulations, such as 
particle size and morphology, surface charge, composition, functionalization, and batch-to-batch reproducibility.12 These 
parameters play a critical role in biological interactions, including cellular uptake, biodistribution, immune recognition, 
and toxicity. Nevertheless, these characteristics are not consistently reported in the literature or assessed using non- 
standardized protocols, resulting in disjointed data that are challenging to incorporate into AI models. For example, two 
nanoparticles with nearly identical chemical compositions but slightly different sizes or surface chemistries can have 
significantly different pharmacokinetics and toxicities. Such variability adds noise and bias to the ML/DL training 
datasets, thereby reducing predictive accuracy and generalizability.13

To overcome these problems, curated databases such as NanoTox14 have become useful tools for standardizing 
nanotoxicology data. These systems incorporate experimentally tested data related to the physicochemical properties of 
nanoparticles, exposure parameters, and biological measurements, thus aiding in the establishment of robust predictive 
tools for nanotoxicity and biosafety evaluation. Nevertheless, despite these databases, there are issues related to the 
insufficient amount of data, incomplete metadata tagging, and the absence of interoperability among datasets. In addition, 
existing datasets tend to be biased toward a particular type of nanoparticle; therefore, polymeric, lipid-based, and hybrid 
nanocarrier systems that are frequently used in drug delivery are missing.15,16

Another key challenge is the integration of multi-modal data, such as omics (genomics, proteomics, and metabo
lomics), imaging, pharmacokinetics, and nanomaterial characterization data. Although ML/DL models can process high- 
dimensional data, the lack of harmonized frameworks for incorporating diverse data types discourages the creation of 
unified predictive models. Other recent techniques, such as multimodal learning or knowledge graphs, are under 
development; however, their use in nanomedicine is still in its infancy. In addition, the black-box character of most 
DL models raises interpretability issues, especially when making predictions about complex nano–bio interactions that 
must be explained mechanistically.17,18

One of the key principles supporting nanomedicine is the nanobiosurface, particularly the development of the protein 
corona.19 Once materials are exposed to biological fluids, they immediately adsorb biomolecules, creating a dynamic 
corona, which determines the biological identity of the nanoparticle. This corona causes considerable modification of 
nanoparticle behavior, affecting cellular recognition, immune clearance, targeting capability, and therapeutic efficacy. 
Notably, the protein corona composition is highly context-specific and depends on the properties of the nanoparticle 
surfaces, biological context, and disease conditions.20,21

In the context of AI, modeling the protein corona is challenging in the field of AI because of its dynamic and stochastic 
nature. Mass spectrometry and proteomics are examples of experimental characterization methods that produce massive 
datasets of corona composition; however, these datasets are commonly condition-dependent and unstandardized.22 

Consequently, protein corona data must be carefully incorporated into predictive ML models, considering experimental 
variability and context. More recent developments in DL and network-based modelling have demonstrated promise in 
predicting protein adsorption patterns and corona evolution; however, these methods require large high-quality datasets, 
which are currently scarce. Protein corona dynamics is a topic of study that is still open to be incorporated into AI-based 
ADME and toxicity modeling; however, its incorporation is essential for developing accurate and clinically relevant 
nanomedicine models.23,24

In addition to scientific and technical issues, the economic cost of nanomedicine development is another obstacle to 
translation. Nanomedicine requires further characterization steps, such as physicochemical profiling, stability analysis, 
scalability, and regulatory compliance related to nanomaterials, compared to traditional drug development.25 These 
conditions add significant expenses and timeframes to development. In particular, detailed in vitro and in vivo research is 
required to assess the toxicity, biodistribution, and safety of nanoparticles over the long term, especially in light of the 
possibility of nanoparticle accumulation in organs such as the liver and spleen.26
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Manufacturing complexity is another source of economic problems. Advanced equipment and strict quality control 
practices are required to scale and reproducibly produce nanocarriers, particularly those that require complicated 
architectures, such as multilayered or functionalized nanoparticles. The variability of batches is a serious problem, and 
additional validation studies may be required, which is expensive. The economic burden is also unrealized through 
regulatory uncertainties, as the rules governing nanomedicine are still developing and could differ in different regions, 
necessitating massive documentation and compliance. AI-based solutions have the potential to alleviate such economic 
limitations by optimizing formulation design, predicting early stage toxicity, and eliminating the use of expensive 
experimental screening. For example, ML models can be used to determine the best nanoparticle parameters, which 
increase bioavailability, decrease off-target effects, and reduce trial-and-error experimentation. Similarly, high-risk 
candidates can be identified at an early stage using predictive toxicology models, leading to fewer late-stage failures. 
However, the success of such methods depends on the quality and standardization of the datasets and the strength of the 
validation frameworks.27,28

Although AI can enable nanomedicine to achieve various breakthroughs, its effectiveness is closely associated with 
addressing major issues related to data heterogeneity, the complexity of the nano–bio interface, and financial viability. To 
resolve these concerns, data standardization, the creation of multifaceted nanomedicine databases, data multi-modeling, and 
the development of regulatory frameworks that enable innovation and safety are necessary. These developments will play a 
pivotal role in bringing AI-enabled nanomedicine out of the laboratory and into the clinical setting.29,30

This review provides a critical evaluation of the limitations and challenges associated with modern drug discovery. 
Additionally, it highlights emerging tools and technologies, such as virtual screening and AI-driven drug design, which 
could serve as catalysts for future research. By offering insights into contrasting technological approaches, this review 
seeks to assist scholars in optimizing methodologies for target validation, drug-like molecule optimization, nanoformula
tion design, and the expedited development of safe and effective therapeutics.

Methodology
The Databases, Keywords, and Selection Criteria
The databases used were PubMed, Scopus, Web of Science, Food Science & Technology Abstracts (FSTA), and Google 
Scholar. These databases were selected to ensure inclusive coverage of pharmaceutical, biomedical, computational, and 
nanomedicine-related literature. The search utilized the following keywords: “Machine learning and deep learning for 
drug discovery,” “Machine learning and deep learning for drug targeting,” “Predictive modeling,” “Lead optimization,” 
“Machine learning and deep learning for target identification,” “Machine learning and deep learning for personalized 
therapeutics,” “Machine learning-driven nanomedicine,” and “Drug repurposing.” The selection criteria for including or 
excluding studies are outlined in Table 1, which provides a structured framework for assessing research focused on the 
application of ML and DL in drug discovery and targeting, with particular emphasis on precision medicine, nano 
medicine, and translational relevance.

Table 1 The Criteria for Including or Excluding Studies

Inclusion Criteria Exclusion Criteria

The study addresses the use of AI and ML in drug discovery, drug delivery, and nano- 

enabled therapeutics

Studies do not focus on AI and ML in drug discovery, 

drug delivery, or nano-enabled systems

The study must discuss the applications of: machine learning and deep learning for drug 

discovery; machine learning and deep learning for drug targeting; predictive modelling; 

lead optimization, machine learning and deep learning for target identification; machine 
learning and deep learning for personalized therapeutics; machine learning-driven 

nanomedicine; and drug repurposing

Authoritative reports, doctoral dissertations, and news 

articles are excluded

(Continued)
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The Process of Study Selection and Data Extraction
This systematic review process began with a comprehensive literature search conducted via all selected databases using 
predefined keywords relevant to ML and DL applications in drug discovery. The retrieved records were subsequently 
screened for duplicates, which were removed to ensure data integrity. The titles and abstracts of the remaining entries were 
evaluated against the pre-established inclusion and exclusion criteria to identify potentially eligible studies for inclusion. 
Full-text articles were retrieved for all records meeting the initial screening criteria, followed by a detailed assessment to 
confirm their suitability for inclusion in this review. Data extraction was performed independently and focused on study 
objectives, AI/ML methodologies, datasets used, therapeutic area, relevance to precision or nanomedicine, and reported 
outcomes. A comprehensive statistical analysis of published manuscripts, including research articles, reviews, patents, and 
copyright documents, focusing on ML/DL in drug discovery and targeting between 2014 and 2024 is presented in Figure 2.

Statistical Overview and Representation of Data
This review synthesizes data from diverse scientific sources, including original research articles, reviews, conference 
proceedings, book chapters, and early access publications retrieved from the Web of Science database with the 
International Journal of Nanotechnology standards. A targeted search was conducted using keywords such as machine 
learning, deep learning, data mining, predictive modelling, target identification, molecular docking, personalized therapeu
tics, nanomedicine, nanodrug delivery, and drug repurposing, focusing on titles, abstracts, and keywords in the context of drug 
discovery and delivery (2014–2024). The analysis identified a striking surge in ML/DL applications within this domain: 
publications increased from approximately 100 in 2014 to 1610 in 2024, reflecting a 16-fold increase. This swift growth 
parallels the growing adoption of AI-driven strategies in precision medicine and nanomedicine research. This trend aligns with 
advancements in computational infrastructure (eg, cloud platforms and high-performance computing) that support the training 

Figure 2 Statistical overview of published manuscripts (research, review, patent, and copyright) on ML and DL applications in drug discovery and drug targeting important 
for nano medicine from 2014–2024.

Table 1 (Continued). 

Inclusion Criteria Exclusion Criteria

Peer-reviewed articles, systematic reviews, scoping reviews, and meta-analyses are 

included

Studies lacking experimental data or relevant reviews

Included studies have been published in English within the last 10 years (2014–2024) Excluded studies have been published in other languages 

and beyond the last 10 years
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of complex ML models and the processing of large-scale datasets. The expansion of accessible chemical, biological, clinical, 
and nanomaterial datasets has provided critical resources for the development and refinement of AI/ML algorithms.

Recent breakthroughs in techniques, such as deep learning, reinforcement learning, and generative adversarial 
networks, have further broadened their applications across various research fields. Innovations in natural language 
processing (NLP), reinforcement learning, and generative models have enabled the robust handling of intricate biological 
data, improving the prediction of drug–target interactions, lead optimization, absorption, distribution, metabolism, 
excretion, and toxicity (ADMET) properties. Enhanced data quality from multi-omics (genomics, proteomics, and 
transcriptomics) and electronic health records (EHRs) has driven cost-effective and efficient drug research. Together, 
these developments highlight the transformative role of AI/ML in accelerating therapeutic discovery and advancing 
precision nanomedicine and targeted delivery of therapeutics.

Applications of ML in Drug Discovery and Drug Targeting for Nano 
Medicine
Predictive modelling in drug discovery for nanomedicine involves the use of computational techniques to predict the 
biological activity, toxicity, and pharmacokinetic properties of potential drug candidates. This approach helps streamline 
the drug discovery process for nanomedicine by the early identification of promising compounds, thereby reducing the 
need for extensive experimental testing (Figures 3 and 4).

Figure 3 Key applications of computational approaches in nano medicine and drug discovery. (A) Role of predictive modelling in QSAR and ADME. (B) Importance of 
virtual screening for identification of potential biological activity. (C) Applications of protein-ligand interactions for prediction of binding to target proteins. (D) Biological 
pathway analysis. (Created using BioRender).
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Predictive Modelling
QSAR (Quantitative Structure-Activity Relationship)
QSAR is a computational methodology that establishes quantitative relationships between the structural properties of 
chemical compounds and their biological activities. This approach employs statistical and ML techniques to develop 
predictive models by analyzing datasets of structurally diverse molecules with experimentally determined activity 
profiles. The modelling process generally comprises four key stages: (i) data collection: gathering a dataset of chemical 
structures and their biological activities; (ii) descriptor calculation: converting chemical structures into numerical values 
called descriptors, which represent various molecular properties; (iii) model building: using statistical or ML algorithms 
to build a model that correlates descriptors with biological activity; and (iv) validation: Evaluating the model’s 
performance using a separate validation set to ensure its predictive accuracy. In drug discovery, QSAR models streamline 
the identification of bioactive molecules by enabling the rapid in silico screening of virtual compound libraries. These 
models also guide lead optimization by predicting structural modifications that improve potency, selectivity, or pharma
cokinetic properties, thereby reducing experimental costs and accelerating development timelines.11

ADME (Absorption, Distribution, Metabolism, Excretion) Prediction
ADME prediction is crucial for drug development because it assesses the pharmacokinetic properties of a compound and 
determines its suitability for use as a drug. Predicting ADME properties helps identify compounds with favorable 
absorption, distribution, metabolism, and excretion profiles, thereby reducing the risk of failure in the later stages of 

Figure 4 Applications of computational and data-driven approaches in nano medicine and drug discovery, including: (A) Image analysis of medical diagnosis, (B) Medical 
imaging role in drug delivery optimization, (C) Application of genomic data analysis, and (D) Drug repurposing requirement for drug discovery (created using BioRender).
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development. Absorption predicts the extent to which a compound is absorbed into the body, considering factors such as 
solubility and permeability. However, distribution estimates how a compound is distributed throughout the body, 
including its ability to cross biological membranes and reach the target tissues. Metabolism predicts how a compound 
is metabolized by enzymes in the body, including potential metabolites and their effects, whereas excretion estimates how 
a compound is eliminated from the body, primarily through urine or feces.2 ADME prediction models use various 
computational techniques, including machine learning, to predict the properties of compounds based on their chemical 
structures. These models help prioritize compounds with desirable pharmacokinetic profiles, thereby reducing the need 
for extensive in vivo testing.31

A key research gap in materials and nanomedicine modeling is the trade-off between accuracy and interpretability in 
predictive frameworks. Conventional physics-based models offer interpretability but lack scalability and predictive 
power, whereas deep learning models provide high accuracy but suffer from poor transparency and computational 
inefficiency. Ren et al, have addressed these limitations by harmonizing physical modeling with deep learning, integrat
ing domain knowledge into data-driven architectures to improve interpretability and efficiency. The hybrid approach 
reduced the computational cost while maintaining predictive accuracy. The outcomes demonstrated robust property 
prediction, enhanced model explainability, and improved generalization, highlighting the potential of this approach for 
accelerating rational design in nanomedicine and materials science.32

Compound Screening
In compound screening, large libraries of compounds are evaluated to identify those with potential biological activity 
against the target of interest. This process is essential in drug discovery for identifying hit compounds that can be further 
optimized into lead compounds and eventually drug candidates.

Virtual Screening
Virtual screening is a computational technique used to screen large compound libraries to identify compounds with 
potential biological activities. This method is primarily divided into two approaches:

Ligand-based virtual screening (LBVS): LBVS uses known active compounds to identify novel compounds with 
similar chemical structures and properties. Techniques, such as QSAR and pharmacophore modelling, are often used in 
ligand-based screening.

Structure-based virtual screening (SBVS) influences the 3D structure of a target protein to identify compounds that 
can efficiently bind to it. Molecular docking is a common technique in structure-based screening in which compounds are 
virtually “docked” into the active site of a protein to predict their binding affinity.

Virtual screening is a cost-effective and time-efficient method for identifying potential hit compounds. This reduces 
the need for extensive experimental testing and allows researchers to focus on promising candidates in future studies.

A major research gap in natural product discovery is the lack of efficient dereplication workflows to rapidly identify 
known compounds and avoid redundant isolation. Conventional analytical approaches that rely on manual spectral 
interpretation and database matching are limited by low throughput, poor integration of multi-omics data, and time- 
intensive processing. Sheng et al, have addressed these limitations by developing IMN4NPD, an integrated molecular 
networking workflow, combining MS/MS data analysis, database annotation, and network-based clustering. The platform 
enabled the rapid identification of known metabolites and structural relationships. The outcomes demonstrated improved 
dereplication efficiency, reduced redundancy, and accelerated discovery of novel natural products, supporting advanced 
metabolomics-driven drug discovery.33

Bioactivity Prediction
Bioactivity prediction involves the use of computational models to predict the biological activities of compounds based 
on their chemical structures. This approach helps prioritize compounds with the highest likelihood of exhibiting the 
desired biological effects. ML and DL techniques are increasingly being used to predict bioactivity. These models are 
trained on large datasets of compounds with known biological activities and learn to predict the activities of novel 
compounds based on their chemical properties. Bioactivity prediction models can identify potential off-target effects and 
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toxicities, thereby aiding the design of safer and more effective drugs.34 These models are valuable in the early stages of 
drug discovery, enabling the rapid identification of promising compounds for further testing.31

Target Identification and Validation
Target identification and validation are critical steps in drug discovery, involving the identification of biological targets 
(eg, proteins) associated with a disease and validation of their role in the disease process.

Protein–ligand interactions: Understanding protein–ligand interactions is essential for identifying and designing 
compounds that can modulate the activity of target proteins. Computational techniques, such as molecular docking and 
molecular dynamics simulations, have been used to predict ligand (potential drug molecule) binding to target proteins.35

Molecular Docking (MD): MD predicts the preferred orientation of a ligand when it binds to the active site of a 
protein. Docking algorithms that score different binding pose to identify the most favorable interactions, providing 
insights into binding affinity and specificity.

Molecular dynamics simulations (MDS) reveal the dynamic behavior of protein-ligand complexes over time, provide 
detailed information about the stability and conformational changes of the complex, and help to understand the binding 
mechanisms for optimized ligand design.

Protein–ligand interaction studies are crucial for drug design because they guide the optimization of lead compounds 
to enhance their binding affinity and selectivity.

Biological Pathway Analysis
Biochemical pathway analysis involves studying complex networks of biochemical interactions within cells to under
stand the involvement of target proteins in disease processes.15 This analysis helps identify potential drug targets and 
understand the downstream effects of their modulation. Pathway analysis tools integrate data from various sources, 
including genomics, proteomics, and metabolomics, to construct comprehensive cellular pathway models.36 These 
models are used to predict the impact of targeting specific proteins on disease pathways, thereby aiding in target 
validation. By identifying key nodes and interactions within pathways, researchers can prioritize targets that are likely 
to have the most significant therapeutic effects.37 This approach also helps identify potential side effects and off-target 
interactions, thereby guiding the design of safer drugs.

DL Applications in Drug Discovery and Drug Targeting for Nano Medicine
The use of AI in drug development for nanomedicine has recently attracted considerable attention because it reduces the 
time and cost of discovering new drugs. As DL technology develops and the volume of drug-related data increases, DL- 
based approaches are being used more frequently throughout the drug development process for nanomedicine.38 Table 2 
shows the transformative role of DL in drug discovery and targeting, illustrating how advanced algorithms can enhance 
the identification of potential drug candidates, optimize molecular structures, and predict biological interactions for 
nanomedicine.

Image Analysis for Medical Diagnoses
Early approaches to medical image processing relied on conventional techniques, such as edge tracing, region expansion, 
and thresholding. With the exponential growth in medical imaging data, ML algorithms have gradually become integral 
to image assessments. However, these early ML methods depended on manually engineered features, making algorithm 
development time-consuming and labor-intensive. The limitations of traditional ML have prompted the adoption of 
ANNs, the development of which has been driven by increased data availability and enhanced computational 
capabilities.57 The integration of CNNs and other DL architectures has revolutionized the automated interpretation of 
medical images. For instance, pretrained CNN models, such as Google’s Inception v3, originally trained on the large- 
scale ImageNet dataset, have demonstrated remarkable efficacy in diagnosing melanoma subtypes, including acrolenti
ginous, amelanotic, and lentigo melanomas, through dermoscopic image analysis, as evidenced by recent studies.44,58–61
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Table 2 An Overview of DL Applications in Drug Discovery and Targeting

Application Area Description Example Drug Name DL Technique Reference

Image analysis 
for medical 
diagnoses

Using DL models to 

analyze nanoscale 

medical images for 
diagnosis

Detecting diabetic retinopathy from retinal images, 

macular edema in retinal fundus photographs, and 

identifying skin disease using dermoscopic images 
(acrolentiginous melanoma /amelanotic melanoma/ 

lentigo melanoma)

Not specified CNNs, Google Inception v3 CNN pretrained on the 

ImageNet dataset

[39,40]

Microscopy data 
for cellular 
analysis

Analyzing microscopy 

images to study cellular 

structures and 
behaviors

Identifying cancer cell types from fluorescence 

microscopy exploiting breast cancer and colon cancer 

histology images

Not specified U-Net, CNNs (deep max-pooling CNNs), Google 

Inception v3-based architecture for pan-cancer 

tumor/normal classification

[41,42]

Medical imaging 
for drug delivery 
optimization

Optimizing 
nanocarriers, drug 

delivery routes and 

efficacy through 
imaging techniques

Analyzing MRI scans to optimize chemotherapy 
delivery

Doxorubicin CNNs: TensorFlow (open DL framework by Google), 
NVIDIA Clara, MATLAB DL Toolbox; Reinforcement 

Learning (RL): COMSOL Multiphysics, 

BioImageXD3D Slicer; Support vector machine 
(SVM): Scikit-learn (a Python library for traditional ML 

algorithms); PyTorch, and Keras

[37,43,44]

Genomic data 
analysis for 
personalized 
nano medicine

Utilizing genomic data 

to tailor treatments to 

individual patients

Predicting patient response to immunotherapy based 

on genomic data

Nivolumab DL Models; Omics-based platforms (eg, GATK, STAR) [45,46]

Protein structure 
prediction for 
nanotherapeutics

Predicting 3D protein 
structures from amino 

acid sequences

AlphaFold predicting structures of human proteins Various therapeutic 
proteins

DL (AlphaFold on the CASP13/CASP14 dataset 
Transformers - Evoformer), DeepFold, Modeller, 

RoseTTAFold, I-TASSER, TrRosetta, and QUARK

[47,48]

Data mining in 
research

Extracting insights from 

large datasets for drug 

discovery

Identifying potential drug candidates from literature 

mining fostering in silico drug discovery

Various candidate 

drugs

NLP (ChatGPT generations), NLTK, SpaCy, and 

Gensim, Weka, RapidMiner, and KNIME

[49,50]

Predictive 
toxicology

Predicting the toxicity 

of nano-compounds 
using ML techniques

Assessing hepatotoxicity in new drug candidates, and 

interpreting cellular mechanisms of toxicity in silico

Various candidate 

drugs

Neural Networks, Random Forests (Functional 

Representation of Gene Signatures (FRoGS) 
approach); DTox® (DL for toxicology); Deep-PK®, 

(DL based pharmacokinetic and toxicity predictor)

[51,52]

Drug 
repurposing

Identifying new uses for 

existing drugs into 

nano-formulated 
therapeutics using data 

analysis

Using NLP to discover new applications for FDA- 

approved drugs

Sildenafil (for PAH) DRIAD (Drug Repurposing In AD), ReDRug, 

CANDLE (Cancer DL Environment), PharmMapper, 

DrugBank, iFDA (Integrative Functional Drug 
Annotation)

[53–56]
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Microscopy Data for Cellular Analysis
In high-throughput imaging-based screening, morphological changes in cells can be accurately interpreted using DL- 
based classifiers. These models are used to extract feature vectors from images, which may subsequently be clustered to 
identify new cell phenotypes after training on classification tasks. The limited Boltzmann machine model, neural network 
with a convolution model, and sparse model are the most popular DL models. These algorithms share similarities in 
classification and recognition, despite minor differences in feature extraction.62 The digital images used to test, train, and 
assess the effectiveness of the computer vision algorithms comprise an image dataset. Using image datasets, algorithms 
can learn to recognize information in images and perform relevant cognitive operations. Advanced DL models, 
particularly U-Net and convolutional neural networks with deep max-pooling layers, have been used to analyze 
fluorescence microscopy images to examine cellular structures and behaviors.41 Google Inception v3-based architectures 
have been used for pancreatic cancer tumor/normal classification, aiding the identification of cancer cell types in breast 
and colon cancer histology images.41,42

Medical Imaging for Drug Delivery Optimization
DL has revolutionized medical image analysis, achieving remarkable results in tasks such as image registration, 
classification, feature extraction, and noise reduction.34,37 Among DL architectures, CNNs are particularly impactful 
because of their ability to process spatial hierarchies in image data. CNNs employ convolutional layers to automatically 
detect local features via filter operations, followed by pooling layers for dimensionality reduction and fully connected 
layers for high-level decision making.63 These networks mimic hierarchical processing in the human visual cortex, 
progressively abstracting input data through nonlinear transformations across multiple layers.64 In drug delivery 
optimization, DL-driven medical imaging techniques enhance the precision of treatment planning and efficacy assess
ment. For instance, CNNs, RL, and SVMs have been applied to analyze MRI data, improving targeted chemotherapy 
delivery by optimizing doxorubicin administration, refining tumor localization, and predicting therapeutic outcomes. 
Open-source frameworks (such as TensorFlow and PyTorch) facilitate the implementation of CNNs and RL for real-time 
medical imaging data (MRI) analysis, enabling adaptive drug delivery strategies37,39,43–45,52 Libraries such as Keras and 
Scikit-learn simplify tumor classification and treatment protocol forecasting through user-friendly interfaces for model 
development.44 Advanced computational tools further expand these capabilities: COMSOL Multiphysics and 
BioImageXD support multiparametric simulations and 3D image analysis to predict optimal drug targeting,37,43 while 
platforms like NVIDIA Clara and MATLAB’s ML Toolbox offer AI-driven solutions for real-time image processing and 
clinical decision support.65,66

Sequence Analysis
Genomic Data Analysis for Personalized Nano Medicine
Recent advancements in deep learning (DL) and machine learning (ML) have transformed the integration of genomic data into 
clinical practice by enabling precise patient stratification through the differentiation of normal and pathogenic gene expression 
patterns. These AI-driven methodologies support real-time diagnostic evaluations and therapeutic decisions, particularly when 
genetic variants influence the pharmacological effects of drugs. For example, genomic profiling can inform personalized 
adjustments to drug dosing or selection, thereby enhancing treatment efficacy.67 DL and ML frameworks have been applied 
across three primary domains in genomic analysis: variant detection, functional annotation, and predictive modelling. These 
approaches rely on high-quality reference genomes and large-scale sequencing datasets. However, while DL models achieve 
high predictive accuracy with extensive training data, their “black-box” nature often obscures the interpretability of input- 
output relationships, hindering their clinical adoption.68 Additionally, many AI tools prioritize statistical correlations over 
causal inferences, necessitating experimental validation to establish biological mechanisms.69 To address these limitations, 
bioinformatics pipelines (eg. GATK and STAR) have been developed to streamline genomic data processing, enabling the 
detection of mutations and molecular biomarkers that are used in predictive models. For instance, DL/ML frameworks are 
increasingly employed to analyze tumor genomic profiles, predict patient responses to immunotherapies such as nivolumab, 
and identify biomarkers associated with treatment efficacy.45,46
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A critical research gap in drug repurposing is the limited ability to systematically predict drug–disease associations 
from heterogeneous biomedical data. Conventional methods often relied on isolated datasets or similarity-based 
approaches, which failed to capture complex biological network relationships and showed limited predictive accuracy. 
Zhou et al, have addressed these limitations by developing NEDD, a network embedding-based computational frame
work, which integrated multi-source data into a unified network representation and learned low-dimensional feature 
embeddings. The model effectively captured hidden associations between drugs and diseases. The outcomes demon
strated improved prediction accuracy and the identification of novel therapeutic links, supporting efficient drug reposi
tioning and accelerated biomedical discovery.70

Protein Structure Prediction (PSP)
PSP is a key area of research in structural bioinformatics. Since the 1960s, various levels of complexity in protein 
structure information have been predicted using statistical methods, increasingly complex ML techniques, and most 
recently, DL techniques. To predict protein structures using DL, a multiple sequence alignment (MSA) comprising 
homologues of the target protein is typically built first. Large feature sets produced from MSAs are combined using the 
most effective methods, and a significant amount of computational work is required to derive input features. The 
Alphabet subsidiary DeepMind created an AI program, AlphaFold, which predicts protein structures.71 Although this 
prediction is precise concerning some alterations, it is resilient to others; however, it is difficult to forecast protein 
structures from amino acid sequences. In contrast, slight changes in the protein sequence can completely alter its 
structure and function. DL-based tools (AlphaFold, DeepMind’s Evoformer, DeepFold, Modeller, RoseTTAFold, 
I-TASSER, TrRosetta, and QUARK) predict 3D protein structures from amino acid sequences, particularly focusing 
on human proteins, as demonstrated in the CASP13 and CASP14 datasets.47,48 Researchers have predicted the structure 
of nearly every known protein worldwide using AlphaFold, a groundbreaking AI network that covers the structures of 
more than 200 million proteins from approximately one million species.72

AlphaFold, developed by DeepMind, has demonstrated unparalleled accuracy in structure prediction, particularly in 
the CASP13 and CASP14 challenges, using the Evoformer module and evolutionary data.48 Despite recent improvements 
in experimental methods that have considerably enhanced our ability to experimentally discover protein structures, the 
discrepancy between the total number of protein sequences and documented protein structures continues to grow. One 
technique to close this gap is the use of computational PSP. As demonstrated by the success of AlphaFold2 in the recent 
critical assessment of PSP (CASP14), DL-based techniques have led to significant advancements in the field of PSP. In 
this study, we discuss the significant achievements and developments made possible by DL-based approaches, as 
observed in CASP studies in the PSP. The ability to anticipate spatial constraints from sequences and/or multiple 
sequence alignments (MSAs) using DL approaches has greatly increased the precision of ab initio structure prediction. 
RoseTTAFold uses a multi-track neural network approach to handle complex protein folds,64 whereas TrRosetta 
integrates residue-residue distance predictions to refine models.63 The significance of the physical energy function in 
the era of DL has been questioned owing to the rapid advancement in the accuracy of restraint prediction. Other tools, 
such as I-TASSER and Modeller, rely on threading and homology modelling for proteins with known templates,73 

whereas Foldit uses crowdsourcing to explore novel protein folds.47,48

Advanced Text and Literature Mining Methods
Text and literature mining tools (natural language processing, machine learning, and statistical analysis) extract mean
ingful insights and patterns from large datasets, making them vital for research in diverse fields of science and 
technology. Popular tools such as NLTK, SpaCy, Gensim, Weka, RapidMiner, and KNIME provide intuitive interfaces 
for tasks such as the classification and clustering of textual data and predictive modelling.49,50 A systematic review 
conducted by Ghosal et al explained that flow-based generative models could be used to improve the identification of 
potential drugs more effectively by analyzing chemical and biological data across different platforms.74 This case 
highlights the potential of computational techniques for drug identification, particularly for emerging health issues. 
Python (with pandas and scikit-learn) and “R” are widely used for custom data mining workflows,75 whereas big data 
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platforms such as Hadoop and Apache Spark facilitate scalable analysis.49 Tableau offers powerful data visualization 
capabilities, whereas SAS and IBM SPSS Modeller are used for advanced analytics and predictive modelling.75,76

Drug repurposing offers the quickest route from the bench to the bedside by identifying new applications for 
previously approved medications. Real-world information on sizable cohorts of drug users is available from sources 
such as insurance claims and electronic health records (EHRs). Using a retrospective study of real-world data, we 
proposed an effective and easily customizable framework for generating and testing several candidates for drug 
repurposing.49,50 Although the expense and timing of drug design are typically prohibitive, the benefits of using the de 
novo technique for drug discovery are enormous, as described above. In contrast, medications with well-understood 
pharmacokinetics and mechanisms of action might be seen as having previous knowledge of a certain domain.77 After the 
potential side effects of a known medicine are discovered, the drug can be utilized more effectively and safely without 
having to start from scratch. Creating “old drugs for a new use” would take significantly less time and money in this 
scenario. Governments and pharmaceutical corporations are paying increasing attention to drug repurposing because of 
its excellent ability to reduce time and cost. Therefore, this approach is a viable and promising strategy.78 Emerging 
computational techniques can aid drug repurposing by identifying connections between various biological entities, 
including genes, gene components, diseases, and drugs. Massive amounts of data can be used in studies grounded in 
reality to reflect the real-world processes of diagnosis, therapy, and patient health.78

Owing to its extraordinary capabilities, deep learning (DL) can be used to signal and mine large amounts of real-world 
data. However, traditional statistical methods have difficulty processing large volumes of data. CNNs that create traditional 
Chinese medicine (TCM) prescriptions based on a patient’s facial picture have been proposed as a DL strategy for mining the 
association between a patient’s face and prescriptions.79 Investigating the polypharmacological effects of TCM formulations 
will help elucidate their mode of action and open new avenues for the treatment of diseases. DL methodologies can also extract 
more illuminating information from molecules and map molecular architectures to possible areas. Flow-based approaches can 
change the distribution of features; therefore, they have received significant attention. Chen et al80 established a concept of 
using CNN for developing TCM prescriptions from facial expressions of patients and showed how DL can correlate clinical 
data with a therapeutic response. Studying the polypharmacological effects of TCM formulations will aid in understanding the 
mechanisms of TCM and in the discovery of novel treatments for diseases. DL methodologies can also retrieve more 
informative information from molecules and map molecular structures to potential therapeutic areas.49,50 Tools such as 
Drug Repurposing in AD (DRIAD), ReDRug, Cancer DL Environment (CANDLE), PharmMapper, DrugBank, and 
Integrative Functional Drug Annotation (iFDA) data mining and network analysis can be used to identify drugs repurposed 
for different diseases.49,50 For instance, a recent clinical trial used fluoxetine, an antidepressant drug, to treat COVID-19 based 
on computational predictions of its antiviral potential against SARS-CoV-2.80

A significant research gap exists in the effective translation of bioactive compounds from traditional Chinese 
medicine (TCM) into clinically viable therapeutics because of poor solubility, low bioavailability, and inconsistent 
pharmacokinetics. Conventional delivery approaches often fail to stabilize natural products or achieve targeted delivery, 
thereby limiting their therapeutic efficacy. Zeng et al addressed these limitations by integrating nanomedicine-based 
delivery systems with TCM-derived compounds to enhance their solubility, stability, and controlled release. 
Nanocarriers, such as liposomes, nanoparticles, and micelles, improve tissue targeting and pharmacokinetic profiles. 
The outcomes demonstrated enhanced bioavailability, increased therapeutic efficacy, and reduced toxicity, highlighting 
new opportunities for modernizing TCM using advanced nanotechnology-driven drug delivery strategies.81

Miscellaneous Uses of ML and DL in Pharmaceuticals and Nano Medicine
Table 2 provides an overview of the roles of ML and DL in advancing pharmaceutical processes, with special attention to 
their demanding applications in drug discovery, optimizing manufacturing workflows, ensuring consistent QC, and 
designing targeted drug delivery systems. The key aspects of drug development are effectively highlighted in 
Figure 5, featuring structure-based drug design using the 3D structure of target proteins to enhance efficacy and reduce 
side effects, de novo drug design for creating novel compounds, predicting adverse drug reactions (ADRs) to ensure 
safety, and the application of precision nanomedicine to customize treatments based on individual genetic profiles for 
targeted and effective therapies.
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Virtual Screening
High-Throughput Screening (HTS)
HTS enables scientists to test thousands to millions of compounds to determine whether they interact with specific 
biological targets of interest. This was achieved using ML models that predict the bioactivity of any compound, thereby 
significantly reducing the need for rigorous physical screenings. The virtual screening method utilizes technologies such 
as AutoDock, DeepChem, and Docking Score ML® to examine large compound libraries for potential molecules, 
including sunitinib, against 155 cancer targets.82 These models can evaluate one or a set of chemical properties and 
biological information to determine the importance of the compound in solving the problem, thus enhancing and reducing 
screening costs and time required for screening.

Structure-Based Drug Design (SBDD)
SBDD is a technique that employs the three-dimensional structure of target proteins to develop new drugs. The behavior 
of a potential drug is predicted using deep learning (DL) models for its interaction with these proteins, including its 
binding affinity and specificity. SBDD can help identify lead compounds that need to be further improved by building 
and testing iterations.83

De Novo Drug Design
Generative adversarial networks (GANs) are generative models that are trained to generate new molecules with one or more 
specific properties inherent to them. This makes it possible for GANs to generate compounds with the required biological 

Figure 5 Key aspects of modern nano medicine and drug design summarizing: (A) Structure-based drug design, including the three-dimensional structure of the target 
protein; (B) Importance of de novo drug design; (C) Prediction of adverse drug reactions; and (D) Importance of precision medicine (created using BioRender).
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activity and pharmacokinetic attributes because the model is built on existing chemical data.84 Reinforcement learning (RL) 
enhances drug design because the designer cycles through new molecular structures of the drug, making improvements based 
on the results of the interaction simulation with biological targets. The use of DL can extend enormous chemical spaces, which 
can help identify drug prospects. De novo drug design tools, such as GANs, RL, simplified molecular input line entry systems 
(SMILES®), and POLYGON®(a polypharmacology approach based on generative RL), are used to design novel chemical 
structures and generate multi-target compounds. These methods have been used to develop 32 novel sulfonamide compounds 
targeting the MEK1 or mTOR pathway using deep generative chemistry.52,85

Drug Target Identification
Genomic Data Analysis
Genomic data analysis employs computational methodologies, including ML models, predictive algorithms, and bioin
formatics tools, to systematically analyze large-scale genomic and proteomic datasets associated with various diseases. 
By integrating genome-wide association studies (GWAS), these approaches can identify critical genetic and molecular 
signatures linked to disease progression, thereby uncovering novel biomarkers and potential therapeutic targets. 
Platforms such as DrugBank® and Matador® enhance this process by enabling drug-target interaction prediction, 
transcriptomic data classification, and the development of drug repurposing strategies. These resources facilitate the 
prioritization of high-value targets and validation of candidate molecules, thereby bridging genomic insights with 
actionable therapeutic development.49,58,60–62

Network-Based Approaches
Biological networks can be further analyzed using deep learning models to understand the relevant nodes that can potentially 
act as drug targets. Knowledge regarding targets can be obtained from the implementation of such interactions, which can 
provide the highest impact on disease modulation. These approaches utilize tools such as graph theory, ML algorithms, the 
human disease network (HDN), and the ADTree model. They are employed to understand drug–target interactions, predict 
disease genes, and explore biological networks to gain insights into disease mechanisms and therapeutic targets.86,87

A major research gap in disease biomarker discovery is the limited ability to accurately infer miRNA–disease 
associations from complex biological systems. Conventional computational approaches often rely on single-layer net
works or similarity-based methods, which fail to capture multilevel interactions and hidden biological relationships. Li 
et al, have addressed these limitations by developing a gene-mediated tripartite heterogeneous multiplex network model, 
integrating microRNA, gene, and disease interactions. This framework enables the extraction of latent features and 
improve representation of biological complexity. The outcomes demonstrated enhanced prediction accuracy, identifica
tion of novel miRNA–disease associations, and improved robustness, supporting its application in biomarker discovery 
and precision medicine.88

Predictive Toxicology
In recent years, ML models have been used to efficiently identify potentially toxic compounds during the early stages of 
drug development. These predictive models use structural features and biological activity data to evaluate the safety 
profiles of compounds and reduce the risks and potential adverse effects during clinical trials. Tools and software, such as 
QSAR, DL models, SVMs, RF, DTs, MeDeBERTa, and RoBERTa (MIMIC), have been used to assess safety, predict 
potential ADRs, and develop automated ADR detection systems in real-world settings.89–91

A critical research gap in environmental toxicology is the limited mechanistic understanding of bisphenol S (BPS)- 
induced atherosclerosis at the molecular and systems levels. Conventional toxicological studies often fail because of their 
reliance on isolated pathways and lack of integrative computational analysis, which limits mechanistic insights. Guo et al, 
have addressed these limitations by combining network toxicology, molecular docking, and machine learning to system
atically identify key targets and pathways involved in BPS-induced vascular damage. The integrated approach revealed 
interactions with lipid metabolism, inflammation, and oxidative stress pathways. The outcomes demonstrated enhanced 
mechanistic clarity and predictive capability, supporting risk assessment and targeted intervention strategies for environ
mental toxin-induced cardiovascular diseases.92
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Adverse Drug Reaction Prediction
Large-scale ML platforms consider aspects such as a patient’s EHRs and clinical data to estimate the propensity for 
ADRs. With the help of this type of model, high-risk medications and patients can be detected by analyzing large 
numbers, which can enhance patient safety.84 Tools for predicting ADRs include Tox21, which uses ML to assess drug 
toxicity; DeepADR for predicting ADRs from drug features and protein interactions; MeDeA, which analyzes clinical 
data to predict ADRs; the FDA’s FAERS, which is integrated with ML for ADR detection; and the pharmacovigilance 
database VigiBase, which employs data mining for ADR prediction.89–91

Precision Nano Medicine
Patient Stratification
Based on a patient’s genetic, phenotypic, and clinical information, they were divided into different groups using ML 
approaches. Due to this stratification, biomarkers are used in the formulation of therapies that work precisely on specific 
groups of patients, improving outcomes and reducing risks.86,87

Predictive Biomarkers
The DL algorithm can learn from other biomarkers to predict a patient’s response to a specific treatment. These 
biomarkers are useful for developing patient-specific treatment plans, enabling clinicians to select the best treatment 
modalities for patients.93

A major research gap in nanocomposite-based sensing and computing systems is the lack of multifunctional platforms 
capable of integrating sensing, logic operations, and data security within a single architecture. Conventional nanomater
ials often fail owing to limited functionality, poor scalability, and inability to support complex logic computing tasks. 
Zhou et al, have addressed these limitations by engineering Au–Ag–Cr multifunctional nanocomposites with tunable 
optical and electronic properties for multiplex sensing and logic gate implementation. The system demonstrated advanced 
signal processing, logic computing capability, and secure information encoding. The outcomes highlighted scalable 
information protection and multifunctional performance, offering promising applications in smart sensing and nano- 
enabled computing systems.94

Biopharmaceutical Production for Nano Medicine
A significant research gap in regenerative nanomedicine is the lack of biomaterials that can simultaneously support tissue 
regeneration, controlled drug delivery, and immunomodulation in a single construct. Conventional scaffolds and delivery 
systems often fail because of poor bioactivity, limited mechanical stability, and inadequate control over therapeutic 
release. These limitations have led to the exploration of layered double hydroxides (LDHs) as multifunctional nanoma
terials with tunable compositions, high loading capacities, and biocompatibility. LDH-based systems enable the sustained 
release of bioactive agents and enhance the cellular response. The outcomes demonstrated improved tissue regeneration, 
osteogenesis, and wound healing, emphasizing the potential of LDHs as promising platforms for advanced tissue 
engineering and regenerative therapies.95

Process Optimization
In biopharmaceutical manufacturing, ML algorithms minimize waste, maximize production, and enhance quality. Some 
of these models allow for the prediction of process parameters related to process efficiency and product quality, providing 
insights into the conditions that are most conducive to efficiency and quality.96,97 Tools such as MATLAB, TensorFlow, 
and Keras allow for defect detection in manufacturing processes, whereas platforms such as IBM Maximo, Uptake, and 
PTC ThingWorx use ML for predictive maintenance.97 AI algorithms, including 2D-CNNs and the SHAPLEY® 

technique with Bayesian optimization methods, have been used to optimize biopharmaceutical production processes, 
particularly in the efficient and continuous manufacturing of monoclonal antibodies.98,99 Aspen Plus and DynoChem 
optimize production processes, whereas Zenith Technologies and Honeywell UniSim monitor and control batch 
processes.66 SIMCA and Mettler-Toledo practice PAT to ensure real-time quality; however, advanced tools, such as 
Llamasoft, SAP IBP, and Microsoft Azure ML, aid in inventory optimization and supply chain management.100,101
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Quality Control (QC)
AI-based prognostic maintenance reduces equipment failures and ensures continuous production. DL algorithms can 
identify other variations because this process ensures customization in the production of biopharmaceuticals. These 
models use live data from manufacturing processes to detect variations from ideal benchmarks to ensure the integrity of 
product production.96 Model expert systems (MES), model predictive control (MPC), process analytical technology 
(PAT), and AI-driven prognostic maintenance (XenoSite, FAME, and SMARTCyp) are key technologies for ensuring the 
quality and consistency of biopharmaceutical products.100,101 MPC optimizes complex processes, such as bioreactor 
control, whereas PAT monitors critical parameters in real-time, improving drug quality. XenoSite, FAME, and 
SMARTCyp aid in understanding drug metabolism and safety, such as that of piroxicam and paracetamol.

Pharmacokinetics for Nano Medicine
ADME Prediction
Artificial ML algorithms have been used for computer-aided modelling of ADMET compound properties. These models 
are based on chemical structure and physicochemical properties and can filter candidates to rank those with good 
pharmacokinetic properties, thus minimizing the risk of late-stage failures.102 ADME interpreters, such as SwissADME, 
TopPreds, and ADMET predictors, provide insights into solubility, permeability, and absorption,103 whereas PKCSM and 
QikProp use ML and computational chemistry to predict metabolism and drug-likeness.103 Simcyp Simulator and 
MetaSite focus on simulating human pharmacokinetics and predicting the accuracy of metabolic pathways.90

Dose Optimization
Pharmacokinetic data are used to aid in the development of appropriate dosing regimens using DL models.104 Using 
different dosing profiles, these models allow for the determination of safe and optimal dosing regimens for specific 
patients. PK/PD modelling, AI algorithms, RNNs, and the batch-constrained Q-learning algorithm can optimize treatment 
regimens and support dose decision-making through expert systems (PFES).45 These digital clinical decision support 
systems have enhanced PK/PD modelling and ML for Warfarin, Apixaban, Rivaroxaban, and Dabigatran, facilitating 
personalized therapy.104,105

Data Driven Nano Medicine
Data management and integration improve manufacturing competence using real-time analytics, thereby reducing production 
expenses by 20%.37,65,66,106,107 In nanomedicine, ML and analytics facilitate the design of targeted drug delivery systems, 
enhancing efficacy while reducing side effects, with studies showing up to a 50% increase in drug bioavailability in preclinical 
models.37,106,107 In solid pharmaceutical development, data-driven methods optimize formulation and processing, improving 
drug stability and bioavailability by 30% and 40%, respectively, in oral dosage forms.65,66 Tools such as FormulationAI®, 
Pycaret, KNIME, TensorFlow, and PyTorch have been used to design innovative formulations and carriers and have been 
applied to ciprofloxacin and estradiol.37,106 GROMACS and MATLAB have been used to model drug delivery systems in 
nanomedicine and to aid in simulating nanoparticle behavior.57

A major challenge in prodrug-based chemotherapy is achieving a balance between nanoassembly stability and rapid 
intracellular drug activation. Conventional doxorubicin prodrugs often fail owing to premature drug leakage, poor self- 
assembly behavior, and inefficient activation within tumor cells. Feng et al have addressed these limitations by precisely 
tailoring the molecular structure of doxorubicin prodrugs to enable stable nanoassembly with stimulus-responsive 
activation. The engineered prodrugs exhibited enhanced structural stability during circulation and rapid drug release in 
tumor-specific environments. The outcomes demonstrated improved cellular uptake, potent antitumor efficacy, and 
reduced systemic toxicity, highlighting the potential of rational prodrug design for advanced nanomedicine 
applications.108

The diverse roles of ML and DL in enhancing pharmaceutical performance by driving the rapid identification and 
optimal design of lead molecules are listed in Table 3.
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Table 3 The Diverse Role of ML and DL Impacting Pharmaceutical Performance

Application 
Area

Description Method Impact on 
Pharmaceuticals

ML/DL Techniques Drug Name Reference

Virtual 
Screening

Screening large 

libraries of compounds 

against targets

Molecular 

docking and ML 

algorithms

Identifying potential drug 

candidates

AutoDock, DeepChem, Docking Score ML® Sunitinib against the 

155 cancer targets

[57]

High- 
Throughput 
Screening

Rapid testing of 

thousands of 
compounds for 

biological activity

Automated 

assays and ML 
analysis

● Accelerating the drug 

discovery processes
● Signifying high-quality 

X-ray crystal structures
● Data-driven approach 

to detect assay interfer
ents and prioritize 

bioactives

Robotics, AI-driven analysis, AtomNet® (CNN), Tox21®, 

Gradient boosting machines (GBM is a ML algorithm)

Various small 

molecules

[109,110]

Structure-Based 
Drug Design

Designing drugs based 

on the 3D structure of 

targets

3D structure 

modelling

● Designing drugs based 
on target structure

● Molecular dynamics 

simulation, and binding 
free energy calculation

PyMOL, MOE Imatinib, Dasatinib [74,111]

De Novo Drug 
Design

Creating novel 
chemical structures 

from scratch

Generative 
models

● Creating novel chemical 

structures
● Generating multi-target 

compounds using deep 

generative chemistry

GANs, RL, simplified molecular input line entry systems 
(SMILES®); POLYGON ® (Polypharmacology based on 

generative RL)

Sulfonamide; 32 
novel compounds 

MEK1 or mTOR- 

targeting compounds

[52,85]

Drug Target 
Identification - 
Genomic Data 
Analysis

Analyzing genomic 
data to find new drug 

targets

Genomic analysis 
and ML

● Identifying new drug 

targets
● Opening up drug repur

posing opportunities
● Facilitate biomarker and 

therapeutic target 

discoveries
● Classifying transcrip

tome data to predict 

drug-target interactions

Bioinformatics tools, ML models, Large-scale genome-wide 
association study (GWAS) analysis; DrugBank®, Matador®

Various [112–114]

Network-Based 
Approaches

Exploring biological 

networks to 

understand drug- 
target interactions

Network analysis 

and ML

● Understanding drug-tar
get interactions

● Predicting disease genes
● Applying network- 

based knowledge of 

disease

Graph theory, ML algorithms, human disease network 

(HDN), ADTree model

Various [86,87]
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Predictive 
Toxicology and 
ADR Prediction

Using data to predict 
the toxicity of 

compounds and 

potential adverse 
effects

Toxicity 
prediction 

models

● Assessing safety and 

potential ADRs
● Developing automated 

ADR detection in a real 

world setting

QSAR, DL models, SVMs, Random forest (RF) and Decision 
trees (DTs), MeDeBERTa and RoBERTa (MIMIC)

Various [89–91]

Biopharmaceuti- 
cal Production

Optimizing production 
processes for 

biopharmaceuticals

Process 
modelling

● Optimizing production 

processes
Data analytics, ML techniques, multivariate exploratory and 
regression models, and pattern recognition techniques

Various biotechnol- 
ogical products and 

vaccines

[115]

Process 
Optimization

Optimizing production 

processes for 

biopharmaceuticals

ML-based 

optimization

● Enhancing efficiency in 
production, monitor and 

control batch processes

AI algorithms, 2D-CNN, SHAPLEY® technique, MATLAB, 

TensorFlow, Keras, IBM Maximo, Uptake, and PTC 

ThingWorx, Aspen Plus, DynoChem, Zenith Technologies, 
Honeywell UniSim, SIMCA, Mettler-Toledo, Llamasoft, SAP 

IBP, Microsoft Azure ML

Protein A mAb, 

optimize production 

processes

[98,99]

Quality Control Optimizing production 

processes for 

biopharmaceuticals

ML and statistical 

analysis

● Ensuring product quality 
and consistency

● Model predictive con

trol for biopharmaceuti
cal production

● AI-coupled prognostic 

maintenance to lessen 
appliance interruption

● Ensuring powder’s flow 

property/die-filling/tablet 
compression processes

ML models, Model Expert System (MES) Model Predictive 

Control (MPC), Process Analytical Technology (PAT), 

XenoSite, FAME, and SMARTCyp

Piroxicam, 

Paracetamol

[100,101]

Dose 
Optimization

Pharmacokinetic 
modeling and ML

Pharmacokinetic 
modelling and 

ML

● Tailoring treatment 
regimens

● Developing a system to 

support dose decisions
● Promoting digital clinical 

decision support system

PK/PD modelling, AI algorithms, and RNN 
Product formulation expert system (PFES), Batch 

Constrained Q-learning algorithm

Warfarin, Apixaban, 
Rivaroxa-ban, 

Dabigatran

[104,105]

Data Driven 
Nano Medicine

Optimizing 

nanoformulations with 

added quality and 
superior functions

AI/ML for 

formulation 

design

● Enhancing targeted 
delivery of drugs

● Accelerating develop

ment, discover new 
materials, innovative for

mulations and carriers
● Providing easy-to-use 

and fast prediction inter

face transitioning AI 

models

Nanotechnology, ML algorithms, FormulationAI® (A Web 

based program) Pycaret, KNIME software, TensorFlow, 

PyTorch

Ciprofloxa-cin, 

Estradiol and PVP 

K30

[37,116,117]
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Case Studies and Reports: Showcasing ML/DL Success Stories in Drug 
Discovery for Nano Medicine
This section highlights relevant case studies that showcase the successful application of ML and DL in drug discovery. 
The first case study focuses on the use of DL to predict protein–ligand binding affinities, demonstrating improved 
predictive accuracy in drug design. The second study examined the use of ML for repurposing existing drugs, illustrating 
how algorithms can uncover new therapeutic uses, thus accelerating drug development.118 Finally, the third case study 
explored target identification through biological network analysis and revealed how ML techniques can be used to 
identify novel drug targets. Collectively, these studies highlight the transformative impact of ML and DL on drug 
discovery processes.

Using DL to Predict Protein-Ligand Binding Affinities for Nano Medicine
The prediction of protein–ligand binding affinity is crucial for drug discovery and nanomedicine, as it helps identify 
potential drug candidates by estimating the strength of ligand (or drug molecule) binding to target proteins. Traditional 
methods, such as molecular docking and molecular dynamics simulations, are time-consuming and computationally 
expensive. Deep learning (DL) offers a powerful alternative by leveraging large datasets and complex models to predict 
binding affinities with high accuracy.119 In this case study, we explored how a DL model can be used to predict protein– 
ligand binding affinities. The model employs a neural network architecture trained on a dataset of known protein–ligand 
complexes with their corresponding binding affinities. The process involves several key steps: (i) data collection: 
gathering a large dataset of protein–ligand complexes with experimentally determined binding affinities; such as the 
Protein Data Bank (PDB) and Binding DB; (ii) feature extraction: converting protein and ligand structures into numerical 
representations, including 3D coordinates, physicochemical properties, and interaction fingerprints;119 (iii) model train
ing: using a DL architecture, such as a convolutional neural network (CNN) or graph neural network (GNN), to learn the 
relationship between the features and binding affinities- the model is trained on a subset of the data and validated on a 
separate set to ensure generalization;118 and (iv) prediction: applying the trained model to new protein–ligand pairs to 
predict their binding affinities and identify promising drug candidates for further experimental validation.89,91,119

Studies have shown that DL models can achieve high accuracy in predicting binding affinities, often outperforming 
traditional methods. For instance, a CNN model trained on the PDBBind dataset demonstrated improved predictive 
performance compared with classical docking methods.89,91,119 In silico Medicine and BenevolentAI exploit DL to 
accelerate the drug development process by predicting binding affinities for cancer and related threats.109 The AtomNet 
model by Atomwise, which uses CNNs to predict binding affinities, was able to identify potential inhibitors for the Ebola 
virus in less than a day. Recently, Schrödinger and Exscientia integrated DL with computational chemistry to optimize 
the binding affinities of cancer therapeutics.65,112 These approaches not only accelerate the drug discovery process but 
also reduce the cost and time associated with experimental screening.

The prediction of the binding affinity between ligands and proteins is vital for drug screening and optimization. 
Several models, such as AlphaFold2, are used to predict protein structures; however, they suffer from limitations due to 
the low quality of the database, inappropriate architecture of the model, and less accurate input representation. Wang et al 
studied the prediction of protein-ligand binding affinity through DL models. DL models can extract the required features 
from raw data, followed by feature representation and classification. The binding affinities for all types of biomolecular 
complexes in the Protein Data Bank were comprehensively collected from the protein data bank (PDBbind) database, 
where pKa values were used to express the binding affinity values. The PDBbind database consists of three overlapping 
subsets: core, refined, and general sets (Figure 6A). The number of protein–ligand complexes in the PDBbind database 
gradually increased with respect to the protein data bank entries (Figure 6B). The DL model can assist in pattern 
discovery for better prediction of new data and improvement in the generalization ability of the model. The distribution 
of the protein–ligand binding affinity values in the PDBbind database was balanced. The tertiary structure of the 
pocket along with the corresponding protein is provided in the Protein Data Bank structure file. The Davis database is 
one of the largest datasets, including kinase proteins and clinically relevant inhibitors with their respective Kd values 
(Figure 6C). The Davis database contains information on approximately 442 proteins and 367 kinases. The uniform 
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distribution of 367 human kinases from the human kinome tree is depicted in Figure 6D. The negative protein–ligand 
complexes were based on lower pKd values. This was influenced by weak binding affinities (Figure 6E). The uniform 
distribution of 216 human kinases in the human kinome tree is shown in Figure 6F. The uneven distribution of binding 
affinity is shown in Figure 6G.

The crucial steps involved in predicting protein–ligand binding affinity using deep learning (DL) models are 
presented in Figure 7. A sufficient number of training samples are required for protein–ligand binding affinity databases. 
The inputs to the DL models can be provided by the features extracted from the training samples, whereas the selection 
of the DL model is vital for the accurate prediction of protein–ligand binding affinity.119

Figure 6 Overview of the datasets used for protein-ligand binding affinity analysis. (A) Summary of overlapping subsets in the PDBbind database, including the core, refined, 
and general sets. (B) Number of the protein-ligand complexes in the PDBbind database from 2002 to 2020. (C) Distribution of the protein-ligand binding affinity values is 
presented as a pie chart. (D) Distribution of 367 human kinases in the DAVID database on the human kinome tree, with red dots representing each kinase. (E) Distribution 
of protein-ligand binding affinity values presented as a pie chart. (F) Distribution of 216 human kinases from the KIBA database on the human kinome tree, represented by 
red dots for each kinase. (G) Distribution of protein-ligand binding affinity values in the KIBA database, represented by a pie chart. Adapted and reprinted from.119
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The input features obtained from the protein–ligand interaction model played a crucial role in categorizing the model 
into interaction-free and interaction-based models, as presented in Figure 8A. Generalized models depend on the 
extracted information about the interaction-based models from the protein–ligand interactions in the 3D structures of 
the protein–ligand complexes. In the case of interaction-free models, the prediction of protein–ligand affinity can be 
performed without considering the information from the protein–ligand interactions. The ligand SMILES strings and 
protein sequences, along with the ligand protein monomer structures, were used as inputs for interaction-free models 
(Figure 8B). The extraction of ligand and protein features from the ligand SMILES strings and protein sequences was 
performed using DeepDTA, which involves two CNN blocks, similar to that described above.113

Figure 7 Predicted interactions between proteins and ligands based on DL models. The figure illustrates the critical stages involved in binding affinity prediction, including 
the use of sufficiently large and diverse protein-ligand datasets, feature extraction from training samples as model inputs, and the selection of appropriate DL architectures 
for accurate affinity estimation. Adapted and reprinted from.119
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One of the most preferred input representations for structure-based models involves 3D voxel grids of pocket ligand 
pairs obtained from CNN models. It also includes the interaction graphs of the protein-ligand pair of the GNN. The 
physicochemical properties of atoms or residues are influenced by interaction graphs and 3D voxel grids. One of the 
challenges related to the input representation of structure-based models is the variation in the binding affinity of the 
protein-ligand pair in different cells because of variations in the cellular environment and protein substrates for the 
selected target protein, as presented in Figures 9A and 8B. As shown in Figure 9A, approximately 16 of the 68 ligands 
from the Davis database, especially at the fourth, sixth, and 15th positions, bind to CDK4-CyclinD1 along with CDK4- 
Cyclin D3 complexes through different binding affinities. The β-sheets from the catalytic domain play a vital role in the 

Figure 8 Conceptual workflows of deep learning models for protein–ligand binding affinity prediction. (A) Interaction-driven DL model conceptual workflow. (B) 
Interaction-free DL model conceptual workflow, in which the protein-ligand binding affinity is predicted without protein-ligand interaction information in the structure- 
free models. Ligand SMILES strings and protein sequences, along with ligand protein monomer structures, were used as inputs for the interaction-free models. Adapted and 
reprinted from.119
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different structures of CDK4, as shown in Figure 9B. Figure 9C–H show the interactions of the three ligands targeting 
CDK4-CyclinD1 with the CDK4-CyclinD3 complex. The results showed stronger interactions of the fourth and 15th 

ligands with CDK4-CyclinD3 than with CDK4-CyclinD1. Cellular environmental information and substrate binding to 
target proteins are missing for the inputs used in this study. Changes in atomic positions affect the binding of ligands to 
proteins; hence, dynamic structural information is vital for predicting protein-ligand binding affinity.

Figure 9 Structural and interaction analysis of ligand binding to CDK4-Cyclin complexes. (A) Binding affinity values for 16 ligands from the Davis database targeting CDK4- 
CyclinD1 along with the CDK4-CyclinD3 complexes. (B) Structure of the CDK4-CyclinD1 and CDK4-CyclinD3 complexes. (C–H) includes the diagrams of 2D protein- 
ligand interaction for the 4th, 6th, and 15th ligands targeting the CDK4-CyclinD1 and CDK4-CyclinD3 complexes. The red color indicates the interactions among the 
hydrophobic residues of the protein and the hydrophobic interactions between the residues and ligands. The green color indicates the hydrogen bonds between the ligands 
and residues, while the yellow color indicates the hydrogen bond residues. Adapted and reprinted from.119
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ML for Repurposing Existing Drugs for Nano Medicine
Drug repurposing involves the identification of new therapeutic agents against existing drugs. This approach can 
significantly reduce the time and cost of drug development because the safety profiles of these drugs are well established. 
ML techniques are particularly useful for identifying potential repurposing opportunities by analyzing large-scale 
biological and clinical data.120 In this case study, we examined the application of ML for repurifying existing drugs 
for new indications. The process involves the following steps: (i) data integration, which involves combining data from 
various sources, including drug–target interactions, gene expression profiles, disease-associated genes, and clinical trial 
outcomes;91,119 (ii) feature engineering, which involves extracting relevant features from the integrated data, including 
molecular fingerprints of drugs, biological pathways, and phenotypic effects; (iii) model building, which involves 
developing ML models, such as random forests, support vector machines (SVMs), or deep neural networks (DNNs), 
to predict the likelihood of a drug being effective for a new indication, trained on known drug–disease associations, and 
validated on held-out data;89,91 and (iv) validation, which involves experimentally testing the top predictions to confirm 
their efficacy in new disease contexts, including in vitro assays, animal models, and clinical trials.

ML has successfully identified several repurposed candidate drugs. For example, a study using ML models identified 
the antimalarial drug hydroxychloroquine as a potential treatment for COVID-19, leading to subsequent clinical trials.
112,113 Recently, Exscientia and Healx have started using AI for drug repurposing in oncology and other therapeutic areas, 
including rare diseases.53,54 Although not all predictions lead to successful therapies, ML-driven drug repurposing is a 
valuable tool for rapidly identifying new treatment options, particularly in response to emerging health crises. In another 
study, Rodriguez et al investigated the application of ML for the identification of candidates for drug repurposing in 
Alzheimer’s disease (AD). In this study, an ML framework called Drug Repurposing in Alzheimer ‘sDisease (DRAID) 
was developed with respect to the pathological aspects of AD severity at the Braak stage and its molecular mechanisms. 
The developed framework was applied to a list of genes involving FDA-approved and clinically tested drugs, which were 
inspected for common trends among their respective targets. The association between the gene lists and the disease was 
identified using ML with the help of mRNA expression profiles from the human brain at different levels of AD 
progression. Human brain gene expression levels were obtained from official datasets, such as The Mount Sinai/JJ 
Peters VA Medical Center Brain Bank (MSBB) and The Mayo Clinic Brain Bank (MAYO), as shown in Figure 10B. 
Braak staging was based on the neuropathological assessment of the accumulation of neurofibrillary tangles in three 
different stages. The training and evaluation of the predictor can be performed using DRAID to recognize disease 
categories from mRNA expression levels, as shown in Figure 10A. Background distributions of random gene lists were 
created with the same length for the evaluation of DGL. The performance of the predictors trained on the gene lists 
reported in previous studies of AMP-AD datasets is shown in Figure 10C.

A significant research gap in liver cancer management is the limited integration of artificial intelligence (AI) for early 
diagnosis, prognosis, and personalized therapy optimization. Conventional clinical approaches often fail owing to 
reliance on imaging interpretation variability, late-stage detection, and lack of predictive precision. Grapă et al addressed 
these limitations by highlighting the role of AI-driven models, including ML and DL, in analyzing imaging, genomics, 
and clinical data. These approaches improved early detection accuracy, risk stratification, and treatment planning. The 
outcomes demonstrated enhanced diagnostic precision, improved clinical decision-making, and the potential for perso
nalized medicine, transforming liver cancer management through AI integration.121

Target Identification Through Analysis of Biological Networks for Nano Medicine
Target identification is a critical step in drug discovery that involves identifying molecular targets (eg, proteins and 
genes) associated with a disease. Analyzing biological networks, such as protein-protein interaction networks and gene 
regulatory networks, provides insights into the complex interactions within cells and helps identify key nodes that can be 
targeted by drugs.122 In this case study, we explored how the analysis of biological networks can aid in target 
identification. The process involved the following steps: (i) network construction: building biological networks from 
various data sources, such as protein-protein interactions, gene expression data, and signalling pathways, using tools such 
as STRING and Cytoscape, which are commonly used for network construction and visualization;113,114 (ii) network 
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analysis: applying graph-theoretic algorithms to analyze the networks to identify central nodes (eg, hubs, bottlenecks) 
that play critical roles in network stability and function (centrality analysis), detect modules or clusters of nodes that are 
densely connected and may represent functional units (community detection), and identify pathways that are significantly 
enriched with disease-associated genes or proteins (pathway enrichment); (iii) target prioritization: prioritizing potential 
targets based on their network properties and biological relevance with high centrality nodes, for instance, may represent 
critical regulators of disease pathways; and (iv) experimental validation: testing the top-ranked targets in experimental 
assays to confirm their role in the disease and their potential as drug targets.

Network-based target identification has led to the discovery of several novel drug targets. Celgene (now part of 
Bristol Myers Squibb), Genentech (Roche), Insilico Medicine, Novartis and Schrödinger practice biological network 
analysis for target identification, gene expression, and omics data to discover novel drug targets, particularly cancer, 
autoimmune disorders and aging.113 For instance, network analysis in cancer research has identified the protein BRD4 as 
a key regulator of oncogenic transcriptional programs, leading to the development of BRD4 inhibitors for cancer 
therapy.93 This approach provides a systematic framework for uncovering new targets and understanding the molecular 
mechanisms underlying diseases, ultimately contributing to the development of more effective and targeted therapies.122

Figure 10 ML framework for drug repurposing in Alzheimer’s disease (AD). (A) Overview of the ML framework required for the potential association of the gene lists along 
with Alzheimer’s disease. Input gene lists derived from experimental data or extracted from database resources in the literature were used in the framework. The 
framework subsamples a specific gene of interest from the gene expression matrix. Cross-validation was used to train and evaluate the Braak disease stage. (B) The ML 
framework used AMP-AD datasets, and the schematic highlights the brain regions represented in each dataset of the Mount Sinai/JJ Peters VA Medical Center Brain Bank 
(MSBB) and Mayo Clinic Brain Bank (MAYO). (C) The performance reported with the respective area under the curve was used to distinguish between disease stages using 
the predictors. The performance of the predictor related to the gene list presented in the literature is denoted by a vertical line. Adapted and reprinted from.56
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Popov et al adopted a DL-based approach to identify potential binding sites for viral drug targets. The DrubBank 
database was used to analyze draggability for the detection of the binding site with the help of molecular docking to 
address the issue of selection of antiviral drug targets. This study proposed a structural and DL approach for identifying 
vulnerable regions of viral proteins with respect to drug-binding sites. The mutability and protein dynamics of the 
binding site, along with the putative mechanism of drug action, were investigated in this study. The validation of the 
developed system was done by using severe acute respiratory syndrome coronavirus spike glycoprotein S. The study 
showed conformation along with the oligomer-specific binding site near the receptor-binding domain which further 
consists of vital amino acid residues. The complexation of the drug candidate molecules, along with the molecular 
dynamics simulations of the spike protein, indicated an equilibrium shift towards the inactive conformation compared to 
that of the drug-free simulations. Inhibition of the interaction between the human angiotensin-converting enzyme 2 
receptor and the conformational transition of the spike protein was achieved through small-molecule targeting of the 
binding site. Drug-like molecules with high docking scores that could form interactions were selected and screened using 
different factors, such as partition coefficient, number of hydrogen bond donors, topological polar surface areas, and 
number of rotatable bonds, as presented in Figure 11A and B. Many polar contacts had high scores in molecular docking 
studies, as shown in Figure 11B. The highly similar compound nature and potential artifacts were used to select 20 drug- 
like molecules, as shown in Figure 11C. Figure 11C shows the superimposed docking poses of these compounds in the 
context of the BiteNet-predicted binding site.123

Figure 12 illustrates the structure-driven topological importance and sequence-based conservation of a vulnerable 
binding site in the coronavirus spike protein. Briefly, the topological importance of amino acid residues is vital for the 
mutational tolerance of viral proteins to predict vulnerable epitopes. The topological importance of the spike trimers was 
studied using structure-based network analysis. The receptor-binding domain-related regions were compared with those 
of common drug targets to detect the binding site (Figure 12A-D). The detected binding site had lower mutation tolerance 
than that of the receptor-binding domain. Valdar conservation scores were calculated, and the detected binding site was 
more conserved than the coronavirus compared to the receptor-binding domain. The results demonstrated that the 
identified binding site corresponded to a vulnerable region of the coronavirus spike structure.

ML-enabled virtual screening was implemented to evaluate antituberculosis activity using molecular dynamics 
simulations. Zheng et al studied the application of ML with virtual screening for the evaluation of antituberculosis 
activity of aldoxorubicin and quarfloxin to address drug resistance issues of Mycobacterium tuberculosis on a global 
platform. In this study, a virtual screening workflow was developed using multiple ML and DL models. The DrugBank 
database was used, and approximately 11576 compounds were extracted and screened for Mycobacterium tuberculosis 
(Mtb) activity. Three data-splitting settings were used to predict antituberculosis bioactive compounds. Preliminary 
screening revealed that aldoxorubicin and quarfloxin potently inhibited the Mycobacterium tuberculosis strain H37Rv. 
The screened compounds also exhibited antibacterial activity against multidrug-resistant tuberculosis (MDR-TB) iso
lates. The direct binding of selected compounds to Mycobacterium tuberculosis DNA gyrase was validated using 
molecular docking, molecular dynamics simulations, and surface plasmon resonance experiments. The three-dimensional 
structure of DNA gyrase and the binding poses and interaction profiles of the two selected antibacterial agents with DNA 
gyrase are shown in Figure 13A and C. The binding poses showed that quarfloxacin and aldoxorubicin docked into the 
same hydrophobic binding pocket as evybactin (Figure 13A and B). The residues PRO353 (A) and ARG354 (A) formed 
hydrogen bonds with aldoxorubicin, whereas the residue PRO353 (A) formed hydrogen bonds with quarfloxin. The 
results showed that quarfloxin and aldoxorubicin may bind to the same allosteric sites targeted by thiophenes in 
Mycobacterium tuberculosis DNA gyrase, thus ensuring their antituberculosis activity.124

Recent Innovations in ML for Nano-Enabled Drug Discovery and Targeting
MISATO is a comprehensive dataset developed by Siebenmorgen et al with the goal of revolutionizing structure-based 
drug discovery (DD) by combining molecular dynamics (MD) and quantum mechanical (QM) data for approximately 
20,000 experimental protein–ligand complexes. In addition to containing more than 170 μs of MD simulations in explicit 
water that captured binding affinities and conformational landscapes, this dataset includes quantum-refined ligand 
structures that eliminate crystallographic errors. The study demonstrated how MISATO could improve the precision of 
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ML models in DD by validating AI baseline models, MD trajectories, and QM computations. Additionally, the study 
offers a user-friendly Python interface for preprocessing and template notebooks, making it easy for researchers to use. 
MISATO is a potent tool for next-generation AI models, combining quantum and Newtonian insights to reveal hidden 
factors in protein–ligand interactions, despite drawbacks such as QM calculations limited to ligands and the requirement 
for longer MD timeframes. By addressing important DD difficulties with unprecedented accuracy and efficiency, our 
study lays the groundwork for creative AI applications. Training models on datasets is essential for ensuring consistency 
and accuracy. Several challenges are associated with the PDBbind database, depending on their quantum chemical 

Figure 11 Insights from molecular docking studies for identifying drug-like molecules. (A) Distribution pattern of the molecular properties of top-scoring compounds, 
including the topological polar surface area, molecular weight, number of potential polar contacts, predicted octanol-water partition coefficient, and number of hydrogen 
bond donors, and number of rotatable bonds. (B) It includes examples of five different docked compounds with three-dimensional conformers and polar interactions 
contributing to high docking scores. (C) Superimposed docking poses for selected compounds are shown, with the BiteNet-predicted binding site represented by a mesh. 
Adapted and reprinted from.123
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protocol, including the total number of available structures being lower than the training sizes of the AI targets, as well as 
the complex ligand association involved in molecular recognition, as shown in Figure 14.125

Madushanka et al presented the QM40 dataset and studied the urgent problem of a lack of high-quality datasets for 
ML and DL applications in quantum mechanical (QM) predictions. This collection includes 162,954 compounds with 
10–40 atoms, including common drug-related components such as C, O, N, S, F, and Cl. It covers 88% of the chemical 
space of FDA-approved drugs. The B3LYP/6–31G (2df,p) level of theory in Gaussian16 was used for the calculations, 
guaranteeing compatibility with well-known datasets such as QM9 and Alchemy, and enabling the concatenation of 
datasets. Numerous resources are available in QM40, such as 16 QM parameters, Cartesian coordinates, Mulliken 
charges, and bond-specific information, such as force constants for local vibrational modes. Owing to these character
istics, QM40 is a valuable standard for assessing ML and DL techniques in QM predictions. This dataset fills important 
gaps in the incorporation of artificial intelligence into quantum chemistry by allowing researchers to develop predictive 
models and guarantee their alignment with current frameworks.126

To overcome the difficulties in the long-term administration of eye medications, especially for chronic diseases such 
as glaucoma, Hsueh et al devised a novel approach. While polymer-based implants carry risks such as corneal injury, 
traditional treatments such as eye drops often suffer from poor patient adherence. As shown in Figure 15, multifunctional 
peptides for ocular nanodrug delivery were evaluated using a peptide microarray. Scientists have used super-learning- 
based ML techniques to create multifunctional peptides that circumvent these restrictions. Peptides with optimal melanin- 

Figure 12 Structure-driven topological importance and sequence-based conservation of a vulnerable binding site in the coronavirus spike protein. (A and B) Spike trimer structure 
colored in the context of structure-driven topological importance, along with the Valdar conservation score of the spike amino acid residues. (C and D) Box plots of the structure- 
driven topological importance along with Valdar’s conservation score which was calculated based on the exposed amino acid residues of the spike, receptor-binding domain, and the 
identified binding site, highlighting the lower mutation tolerance and higher conservation of the predicted vulnerable region. Adapted and reprinted from.123
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binding, cell-penetrating, and minimal cytotoxic properties were identified using this technology. HR97, the main 
peptide, was coupled with brimonidine, a medication that is usually administered several times daily. The HR97- 
brimonidine compound considerably outperformed free brimonidine in rabbit models, reducing intraocular pressure 
(IOP) for up to 18 days with a single intracameral injection. This demonstrates the potential of computational peptide 

Figure 13 Protein–ligand binding modes of aldoxorubicin, quarfloxin, and the reference ligand evybactin with Mycobacterium tuberculosis DNA gyrase. (A) Complexes of 
Mtb DNA and ligands in the form of a protein-ligand complex. (B) Binding modes of Mtb DNA gyrase along with the three ligands with that of the protein hydrophobic 
surface along with the binding residues and protein ligand complexes. (C) Ligand-focused binding mode profiles of the three ligands (aldoxorubicin, quarfloxin, and 
evybactin). Adapted and reprinted from.124
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design for the development of effective implant-free drug delivery methods. Notwithstanding the drawbacks, including 
poor conjugation yields and the requirement for additional drug release rate adjustment, this work shows promise as a 
platform for long-term eye treatment and other biomedical uses.127

RosettaVS, a sophisticated structure-based virtual screening tool developed by Zhou et al, performed better than other 
state-of-the-art methods in predicting docking poses and binding affinities for drug development. Their method, which 
combines AI acceleration with receptor flexibility, was used to screen multi-billion chemical libraries against two 

Figure 14 Impact of an optimized quantum-mechanical protocol on structural consistency and electronic properties in protein-ligand datasets. (A) Overview of the 
statistical changes induced by the developed optimized protocol. (B) Comparison of the partial charge with D4 polarizability for all halogens in the database. The wrong 
atom assignment was analyzed with the help of the outliers. (C) Representative examples of inconsistent structures involving 1WUG with elongated NO bonds. The 4MDN 
included nitrogen in the angular violation compared with that of the VSEPR expectations. The protonation state problem is represented by 5GTR. (D and E) Calculated 
electronic densities of ketamine and tramadol. The electronic density is represented by a dashed circle. (F and G) Deviations among the amino acids with the respective 
adaptability of the residues to the protein pocket. The blue color indicates the targets, whereas the red color indicates the AI model prediction. The developed model 
identified small sphere right residues along with amino acids with high flexibility. Reproduced with permission from reference.125 Copyright 2024, Nature.
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unrelated targets: the voltage-gated sodium channel NaV1.7 and ubiquitin ligase KLHDC2. In less than seven days, the 
screening procedure identified four hit compounds for NaV1.7 and seven hit compounds for KLHDC2, all of which had 
single-digit micromolar binding affinities. X-ray crystallographic validation confirmed the accuracy of the expected 
binding postures of KLHDC2. This study highlights the strong performance of RosettaVS across various protein pockets, 
including polar and hydrophobic areas, proving its effectiveness in lead discovery. To further increase the precision and 
effectiveness of virtual screening campaigns, the authors propose that future developments should use deep learning 

Figure 15 Peptide microarray based evaluation of multifunctional peptides for ocular nano medicine and drug delivery. (A and B) Illustration of the first peptide microarray 
involving the anchoring of peptides to the microarray. Binding event characterization was performed using melanin nanoparticles along with surface biotinylation, and the 
quantification of melanin binding with the peptide was detected using DyLight 680-conjugated streptavidin. (C) In vitro melanin-binding assay using melanin nanoparticles and 
biotin quantification kit. (D) In vitro relationship between predicted melanin binding and experimentally measured binding, with melanin binding predictions on the x-axis and 
experimental binding values on the y-axis. (E and F) Comparison of melanin binding and cell penetration into melanin-induced human adult retinal pigment epithelial cells. 
The predicted non-cell-penetrating peptides are represented by blue triangles, while the predicted cell-penetrating peptides are represented by magenta dots. (G) Summary 
of the intracellular concentrations of cell-penetrating and non-cell-penetrating peptides. Reproduced with permission from.127 Copyright 2023, Nature.
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models, GPU acceleration, and improved active learning strategies. A schematic representation of the DL-guided virtual 
screening protocol and experimental findings is shown in Figure 16.128

Similar to the word2vec technique in natural language processing, Chen et al developed a unique ML method called 
functional representation of gene signatures (FRoGS) to improve bioinformatics analysis by incorporating gene function 
knowledge. FRoGS considerably outperformed conventional models based solely on gene IDs by embedding genes into 
vectors that reflect their biological functions and integrating information from gene ontology (GO) and empirical 
functions. When applied to the L1000 datasets from the Broad Institute, FRoGS enhanced compound–target predictions 
and provided a more comprehensive understanding of the underlying mechanisms of action. By incorporating more 

Figure 16 Performance and application of the RosettaVS DL-guided virtual screening platform. (A) Schematic representation of DL-supervised structure-based virtual 
screening protocol, integrating receptor flexibility and AI acceleration. (B and C) Illustration of C29 binding to ubiquitin ligase KLHDC2. (D) Comparative study of the 
computationally predicted binding pose and the experimentally resolved binding pose of C29. The yellow color indicates the high-resolution X-ray crystal structure which 
was superimposed on that of the predicted docked pose in magenta. (E) Inhibition of the inactivated state of Nav1.7 by compounds Z8739902234 and Z8739905023. (F) 
Docking structure of Z8739902234 and Z8739905023 within the NaV1.7 binding site. Reproduced with permission from.128 Copyright 2024, Nature.
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pharmacological data sources, the model performance was further enhanced, and more accurate predictions were 
produced, supported by experimental data. This study showed that superior transfer learning and application to a 
range of bioinformatics tasks, including therapeutic target identification and disease gene discovery, are made possible 
by embedding gene functions into vector representations. Furthermore, FRoGS is a useful tool for various biomedical 
applications because it can model gene functions using pre-existing knowledge, which enables a more effective analysis 
with smaller training datasets. A scheme of the neural network for the prediction of the compound binding probability to 
that of the target and other experimental findings is presented in Figure 17.129

Figure 17 Functional representation of gene signatures (FRoGS) for gene function aware compound-target prediction. (A) Scheme of the neural network for predicting the 
compound binding probability to that of the target, namely, L1000 gene set signature embeddings. (B) Projection of t-distributed stochastic neighbor embedding (t-SNE) for 
learned gene embedding vectors. (C) Network simplification by retaining less than or equal to five best-scoring targets per compound to less than or equal to ten best- 
scoring compounds per target (≤5 targets per compound and ≤10 compounds per target) to enhance interpretability and prediction robustness. (D) Illustration of other 
antineoplastic agents (L01X), demonstrating the model’s capability to uncover pharmacologically relevant compound–target relationships. Reproduced with permission 
from.129 Copyright 2024, Nature.

https://doi.org/10.2147/IJN.S600651                                                                                                                                                                                                                                                                                                                                                                                                                                                 International Journal of Nanomedicine 2026:21 36

Chakraborty et al                                                                                                                                                                  

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



By incorporating biological pathways into neural network topologies, Hartman et al developed biologically informed 
neural networks (BINNs) to improve the interpretability of ML models used in proteomics. Using plasma proteomic data, 
this novel method was used to categorize COVID-19 and septic acute kidney injury (AKI) sub-phenotypes. In several 
situations, BINNs have outperformed traditional techniques by successfully identifying biomarkers and pathways 
pertinent to each disease, such as metabolic proteins in AKI and immune-related proteins in COVID-19. Researchers 
have been able to pinpoint the impact of particular proteins and pathways because of the sparse structure of BINNs, 
which allows introspection. The complementary nature of these techniques was highlighted when feature attribution 
revealed biomarkers that were missed by differential expression analysis. In the test sets, the BINNs achieved excellent 
accuracy and showed strong generalization to unseen data. With their adaptability to genomic and metabolomic datasets, 
this study demonstrated the promise of BINNs for biomarker discovery, pathway analysis, and sub-phenotype classifica
tion. This study provides a strong framework for combining proteomics and ML, creating opportunities for cutting-edge 
biomedical research. The scheme for data collection, analysis, and interpretation is shown in Figure 18.130

To identify broadly neutralizing antibodies (bNAbs) against HIV-1 from immunological repertoires, Foglierini et al 
developed RAIN, a computational pipeline that combines machine learning and single-cell B cell receptor (BCR) sequencing 
data. RAIN uses specific sequence-based properties to differentiate bNAbs from non-bNAbs, in contrast to conventional 
techniques that depend on sequence alignment or one-hot encoding. Using structural analysis by cryo-electron microscopy and 
functional neutralization testing, this study confirmed RAIN’s predictions of RAIN and identified high-affinity bNAbs that 
target the HIV-1 envelope glycoprotein’s CD4-binding region. Unconventional mutations in antibody frameworks and 
conserved feature weights across antigenic locations are important discoveries that suggest possible immune escape pathways. 
RAIN sheds light on HIV-1 immune responses and escape pathways, while achieving exceptional precision, offering a 
creative and effective technique for accelerating bNAb development. This method has wide-ranging implications for immune 

Figure 18 Biologically informed neural networks (BINNs) for plasma proteome-based sub-phenotype classification and biomarker discovery. Scheme for data collection and 
analysis of the plasma proteome obtained from patients with COVID 19 and AKI. The collected data were re-analyzed and used to develop datasets for the selected disease 
conditions. BINN is generated for each dataset by subsetting the pathway database, such as Reactome, through the proteomic content of the dataset of interest, followed by 
layerization through a sequential neural network-like structure. Differentiation among the sub-phenotypes was performed using trained BINNs, whereas SHAP was used for 
network interpretation to provide pathway analysis and biomarker identification. Reproduced with permission from reference.130 Copyright 2023, Nature.

International Journal of Nanomedicine 2026:21                                                                                   https://doi.org/10.2147/IJN.S600651                                                                                                                                                                                                                                                                                                                                                                                                      37

Chakraborty et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



repertoire analysis and antibody development. The Compile, Analyze, and Tally Nab Panels (CATNAP) database was used in 
this study. CATNAP was primarily used to analyze data related to HIV neutralizing antibodies to study the potential genetic 
signatures related to these antibody interactions with proteins. The study scheme and 3D construction of the Fab4251-SOSIP 
complex are presented in Figures 19 and 20, respectively.131

A groundbreaking assessment of ML models for forecasting the absorption, distribution, metabolism, and excretion 
(ADME) characteristics of targeted protein degraders (TPDs), such as molecular glues and hetero bifunctionals, was 
conducted by Peteani et al. According to the study, molecular glues produced the lowest prediction errors, such as 0.11 for 
CYP3A4 inhibition and 0.28 for mouse metabolic clearance, and ML-based quantitative structure-property relationship 
(QSPR) models achieved prediction accuracy for TPDs comparable to that of traditional modalities. Transfer learning 

Figure 19 RAIN computational pipeline for the identification of broadly neutralizing antibodies (bNAbs) against HIV-1. Schematic illustration of the data collection from the 
CATNAP database along with the healthy donor repertoires which were later converted for the training along with the validation of ML models such as anomaly detection, 
decision tree, random forest, and super learner, were trained and validated to distinguish bNAbs from non-bNAbs. The workflow was used for processing of BCR sequences 
while the predicted bNAbs were produced and tested in neutralization along with binding assays. Reproduced with permission from.131 Copyright 2024, Nature.
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techniques, such as fine-tuning multitask graph neural networks (MT-GNNs), greatly enhance prediction performance; 
however, hetero bifunctionals present more difficulties. Using a surrogate dataset of more than 270,000 chemical structures, 
the scientists confirmed that these models are applicable to TPD-centric initiatives and can be scaled up. This study 
demonstrated how ML, especially for new modalities such as TPDs, can accelerate the design-make-test-analyze (DMTA) 
cycle in drug discovery by providing accurate property predictions. Their results support the wider use of ML in 
pharmaceutical research to expedite the creation of TPDs with advantageous ADME profiles.132

HiDDEN, a computational technique developed by Goeva et al to improve case-control labels in single-cell RNA-seq 
investigations, enables the detection of minute perturbation effects that are frequently missed by conventional procedures. 

Figure 20 Structural characterization of the Fab4251–HIV-1 Env SOSIP complex. (A and B) 3D reconstruction of Fab4251-SOSIP complex and Fab4251-DS-SOSIP through 
nsEM. (C) Cryo-EM density map of the Fab4251-DS-SOSIP complex. (D) Atomic model of Fab4251-DS-SOSIP. (E) Footprint illustration of light- and heavy-chain binding 
surfaces on DS-SOSIP. (F) Binding of SOSIP and Fab4251 to the CD4 receptor. (G) Close-up view of VH H54 from Fab4251, along with F43 in CD4 receptor. (H) 
Comparative representation of VRC01 class antibodies on SOSIP, along with Fab4251, VRC01, PG04, and 3BNC60, illustrating shared and distinct epitope recognition. 
Reproduced with permission from.131 Copyright 2024, Nature.
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Through simulations, HiDDEN outperformed current techniques in precisely labelling cells by detecting modest 
disturbance signals and limited fractions of damaged cells. When used on human multiple myeloma precursor conditions, 
HiDDEN was able to detect malignancy in previously undiagnosed early-stage samples. Similarly, an endothelial 
subpopulation implicated in early blood-brain barrier failure was discovered in a rat model of demyelination. In 
heterogeneous datasets, this approach also demonstrated resilience to batch effects and fluctuating cell counts, making 
it easier to identify marker genes through differential expression testing. HiDDEN has potential for wider applications, 
such as multi-omics data and multi-stage disease progressions, although it requires cell-type-specific applications and 
further downstream analysis to handle heterogeneity perturbation responses. This method offers important insights into 
genomic and translational research and represents a major breakthrough in the detection of subtle transcriptional 
alterations. The developed scheme for the HiDDEN label refinement framework is shown in Figure 21.133

One of the key research gaps in the field of liposomal nanomedicine is the lack of reproducible and scalable 
optimization strategies for clinically relevant formulations. Traditional microfluidic and trial-and-error-based methodol
ogies are constrained by a lack of control over the parameters, low throughput, and inability to address complex 
formulation–process interactions. These limitations have been overcome by Buttitta et al, who combined machine 
learning with microfluidic systems to optimize liposome synthesis parameters in a data-driven manner. This strategy 
allowed the size, polydispersity, and encapsulation efficiency to be accurately controlled. The results showed improved 
formulation reproducibility, increased predictive power, and faster optimization, indicating the promise of ML-driven 
microfluidics to simplify the process of translational nanomedicine creation and clinical-scale production, as presented in 
Figure 22. The panels (A–F) in Figure 22 depict the design and therapeutic analysis of selenium nanoparticle-based 
nanoplatforms for targeted cancer therapy. Panel A shows the synthesis and functionalization of nanoparticles, and 
surface engineering resulted in better stability and tumor specificity than unmodified systems. Panel B exhibits cellular 
uptake and intracellular trafficking via receptor-mediated pathways, which facilitated effective drug delivery. Panel C 
showed the generation of ROS and redox imbalance with the result of mitochondrial dysfunction and apoptosis. Panels D 
and E show increased cytotoxicity and tumor growth inhibition using in vitro and in vivo experiments. Panel F shows 
immune modulation and regulation of signaling pathways, demonstrating that the nanoplatform had synergistic antic
ancer activity based on combined oxidative and molecular actions.134

Nanomedicine translation has failed to precisely predict nanoparticle biodistribution and tumor delivery in 
biological systems. The simplified assumptions, absence of nanoparticle-specific parameters, and limited predictive 
capabilities in complex tumor environments are limitations of conventional physiologically based pharmacokinetic 
(PBPK) models. Chou et al have overcome these shortcomings by incorporating artificial intelligence in PBPK 
modeling, which facilitates the prediction of nanoparticle transportation, accumulation, and clearance using data as 
illustrated in Figure 23. In Figure 23, panels A–F illustrate an AI-aided PBPKQSAR composite model to predict 
nanoparticle biodistribution and tumor delivery. Panel A depicts the concept of nanomedicine modeling using 
databases, which confirmed the view that the integration of data enhanced predictive modeling relative to conventional 
empirical models. Panel B demonstrated AI–QSAR modeling with RF and DNN to predict tumor-related parameters, 
addressing the drawback of traditional models. Panel C provided evidence of PBPK organ-level distribution simula
tion. Panels D through F verified the performance of the model with a high correlation of the prediction and 
experimental results. Taken together, the results indicated that AI-enhanced PBPK modeling outperformed standard 
PBPK modeling in terms of prediction accuracy and the ability to rationally design nanomedicines to treat cancer with 
respect to their targeting. Collectively, the findings suggested that AI-enhanced PBPK modeling significantly improved 
prediction accuracy and facilitated the rational design of nanomedicines for targeted cancer therapy. The hybrid model 
enhanced the estimation of the parameters and nonlinear biological interactions. These results illustrated better 
predictive efficiency on tumor delivery efficiency, which justified rational nanocarrier design and facilitated the 
clinical translation of nanoparticle-based therapeutics.135

Nanomedicine has been shown to be unable to efficiently predict the delivery of nanoparticles to tumors, which 
hinders its clinical translation. Classical physiological-based pharmacokinetic (PBPK) models are limited by simplistic 
assumptions, few specific descriptors of nanoparticles, and insufficient biological variability. These limitations decrease 
the predictive accuracy of tumor accumulation. This has been done by Imanparast et al who combined AI with PBPK 
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modeling, allowing optimization of parameters by data and complex nonlinear interactions, as presented in Figure 24. 
Panels A–L in Figure 24 illustrate the design and validation of a microfluidic biochip system that can be used to control 
drug delivery and analyze biomolecular interactions. Figure 24A–D demonstrate chip fabrication and microchannel 
architecture, which contributed to the view that the microfluidic design facilitated the ability to accurately handle fluids in 
contrast to traditional static systems. Figure 24E–G demonstrate the generation of gradients and the reproducible 
distribution of the flow with the help of a peristaltic pump, which guaranteed reproducible experimental conditions. 
Figure 24H–J show flow simulations that ensured effective mixing and velocity control. Figure 24K and L demonstrated 

Figure 21 HiDDEN framework for refining case–control labels in single-cell RNA-sequencing studies. (A) Setup of single-cell experiments for the case-control study. (B) 
Overview of standard clustering containing cells with mixed case-control sample-level labels. (C) Average log-normalized expression of perturbation markers. (D) 
Illustration of the HiDDEN label refinement framework involving a dimensionality reduction method for the analysis of gene expression profiles. (E) Scatterplot of adjusted 
p-values per gene computed through differential expression using case-control sample labels and HiDDEN-refined binary labels, highlighting improved detection of marker 
genes. (F and G) tSNE embeddings for the gene expression of Naïve B cells along with Memory B cells, following label refinement. (H) Representation of the dataset, 
including human plasma cells from healthy donors, patients with multiple myeloma, and two precursor disease states. Reproduced with permission from reference.133 

Copyright 2024, Nature.
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molecular docking interactions, validating drug–protein binding. The results showed that the microfluidic platform with 
its integrated approach enhanced the accuracy of drug screening and analysis of biomolecular interactions. The hybrid 
system increased nanoparticle biodistribution and tumor uptake prediction to a great extent. The results showed improved 
model accuracy and strength, which is a potent weapon in rational nanocarrier design and expedites the translation of 
nanomedicine.136

One of the key gaps in nanomedicine research is that high-spatial-resolution mapping and the prediction of intratumor 
nanoparticle distributions remain unachievable. Previous imaging and computer models have been limited by low resolution, 
failure to capture heterogeneity, and poor predictive ability generalization across tumor types. Tang et al have overcome these 
shortcomings by designing GANDA, a conditional deep generative adversarial network, that can predict nanoparticle 

Figure 22 Nanoplatform of targeted anticancer therapy based on selenium nanoparticles. (A) Diagram of nanoparticle production and functionalization of surfaces. (B) 
Cellular uptake and intracellular trafficking pathways. (C) Mechanistic description of ROS production, mitochondrial dysfunction and induction of apoptosis. (D and E) In 
vitro and in vivo cytotoxicity/tumor inhibition. (F) Signaling pathways and immune response modulation that help to increase therapeutic efficacy.134
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distribution by pixel-to-pixel with the input of biological imaging as presented in Figure 25. The panels A–D in Figure 25 
show a deep learning model of GAN to predict the distribution of quantum dots (QDs) in the tumor microenvironment. Panels 
A–B demonstrate patch-wise image decomposition and reconstruction, which allows the viewpoint that generative modeling 
enhanced the accuracy of spatial prediction in contrast to the traditional analysis of images. The model combined both DAPI 
and CD31 channels to produce synthetic QD distributions through loss optimization of adversarial and pixel-wise losses. 
Panel C emphasized its use in screening EPR enhancers, which can be used to implement better nanoparticle delivery 
approaches. Panel D showed patient stratification of nanomedicine suitability. The research suggested that predictive 
modeling based on AI increased the accuracy in nanomedicine design and tailored therapeutic decision-making. The model 
was able to incorporate microenvironmental aspects to produce realistic distribution maps. The results provided evidence of 

Figure 23 PBPK-QSAR AI-based modelling of nanoparticle biodistribution. (A) Database-based framework between nanoparticle physicochemical characteristics and tumor 
targeting strategies. (B) Prediction of important tumor-related parameters with RF and DNN algorithms by the AI-QSAR model. (C) AI-based PBPK model that models 
tissue biodistribution and tumor delivery efficiency. (D–F) Correlation plots of the predicted versus experimental values (DE24, DE168, DEmax), which show the model 
accuracy and validation performance.135
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better spatial precision, increased ability to predict nanoparticle deposition profiles, and the possibility of stratifying patients, 
alleviating more specific and targeted nanomedicine design.137

A summary of ML applications in drug discovery and targeting is presented in Table 4.
Table 5 presents an overview of the chosen clinical trials (identified by NCT numbers on ClinicalTrials.gov) that have 

demonstrated the application of AI-driven solutions to diagnostics, risk prediction, patient stratification, treatment 
optimization, and clinical decision support systems. The studies included interventional and observational designs and 
utilized a broad range of AI methodologies, such as machine learning (ML), deep learning (DL), predictive analytics, and 
algorithm validation systems.

Figure 24 Microfluidic biochip system of controlled drug delivery and interaction analysis. (A–D) Design and manufacture of microchip and bioreceptor channels. (E) 
Peristaltic pump experimental with controlled flow of fluids. (F and G) Creation of concentration gradients between microchannels. (H–J) Simulation of velocity 
distributions of various flow rates using computational fluid dynamics simulations. (K and L) Molecular docking experiments that demonstrate the interactions of drug 
molecules and target proteins in support of biochip applications in drug screening and biomolecular analysis.136
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The column “AI Technique/Model” defines the main method of computation that was used, and the column 
“Application Area” defines the clinical use of the AI system. All these case studies demonstrate the growing use of 
AI in augmenting precision medicine, clinical outcomes, and data-driven healthcare decision-making. Despite the main 
emphasis on AI, a number of studies have also introduced nanomedicine with possible translational importance, 
especially in the fields of imaging, optimization of targeted therapy, and advanced therapeutic monitoring.

Figure 25 GAN-based model to predict the distribution of nanoparticles in tumor tissues. (A) Training process of image decomposition into patches and creation of QD 
distribution through adversarial learning. (B) Reconstruction of full tumor images from generated patches. (C) Application in screening EPR-enhancing strategies for improved 
nanoparticle delivery. (D) Predicted nanoparticle distribution-patient stratification, which can be used to identify candidates to be used in nanomedicine-based therapies.137
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Table 4 Summary of ML for Drug Discovery and Drug Targeting

Domain Objective AI Tool/ 
Database

Application References

Virtual Screening Identify potential drug candidates ML Algorithms Utilizes large datasets to predict ligand-target 

interactions, enhancing accuracy over traditional 

methods

[138]

Target 

Identification

Establish biological pathways for 

therapeutic effects

ML Algorithms Analyses of genomic and proteomic data to identify 

and prioritize drug targets based on patterns and 
associations

[139]

Drug Design Create novel chemical entities DL Models Automates the design of compounds with specific 

features, improving efficiency in drug development 

processes

[140]

Formulation 

Optimization

Optimize drug formulations for 

delivery

AI Predictive 

Models

Predicts release profiles and improves the design of 

controlled-release formulations and targeted delivery 
systems

[141]

Clinical Trials Enhance decision-making in trial 
phases

ML Techniques Applies predictive analytics to improve outcomes and 
reduce risks in clinical trials by analyzing historical data

[142]

Drug Repurposing Identify new uses for existing 
drugs

AI/ML 
Algorithms

Analyses existing drug data to find alternative 
therapeutic applications, accelerating the drug 

development timeline

[143]

Pharmacokinetics/ 

PD Studies

Study drug behavior in the body AI Algorithms Leverages patient data to optimize dosing regimens 

and improve treatment outcomes through 

personalized medicine approaches

[144]

Toxicity 

Prediction

Assess the potential toxicity of 

compounds

QSAR Models Uses quantitative structure-activity relationship 

models to predict the toxicity profiles of new 
compounds early in development=

[145]

Biomarker 
Discovery

Identify biomarkers for disease 
diagnosis

ML Techniques Analyses of biological data to discover new 
biomarkers that can aid in early diagnosis or 

treatment response monitoring

[146]

Genomic Data 

Analysis

Analyze genetic variations linked 

to diseases

DL Models Utilizes genomic data to identify mutations and their 

relationships with disease phenotypes for nano- 

targeted therapies

[147]

Drug Interaction 

Prediction

Predict interactions between 

drugs

Network 

Analysis Tools

Model’s complex interactions between drugs to 

minimize adverse effects and optimize combination 
therapies

[122]

Personalized 
Medicine

Tailor treatments based on 
individual patient profiles

AI Algorithms Uses patient-specific data (genomic, proteomic) to 
customize nanodrug treatment plans for better 

efficacy and safety

[148]

Image Analysis Analyze medical imaging for drug 

efficacy

Convolutional 

Neural 

Networks 
(CNNs)

Applies DL techniques to interpret medical images, 

aiding in the assessment of treatment responses

[149]

Disease 
Progression 

Modelling

Model disease progression for 
better intervention

Time-Series 
Analysis Tools

Uses historical patient data to predict disease 
trajectories, informing treatment strategies and timing

[150]

(Continued)
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Table 4 (Continued). 

Domain Objective AI Tool/ 
Database

Application References

Supply Chain 
Optimization

Optimize supply chain logistics 
for drug production

Predictive 
Analytics

Enhances efficiency in drug manufacturing and 
distribution by forecasting demand and optimizing 

inventory levels

[151]

Literature Mining Extract insights from scientific 

literature

Natural 

Language 

Processing 
(NLP)

Utilizes NLP techniques to mine vast amounts of 

published research for relevant findings that can 

inform drug discovery efforts

[152]

Clinical Decision 
Support

Aid clinicians in making informed 
decisions

Decision 
Support 

Systems

Integrates AI tools into clinical workflows to provide 
real-time recommendations based on patient data and 

current guidelines

[153]

Network 

Pharmacology

Explore multi-target drug 

interactions

Network 

Analysis Tools

Models complex biological networks to identify 

potential multi-target nanodrugs that can enhance 

therapeutic efficacy

[154]

Antibody Design Design monoclonal antibodies DL Models Leverages structural biology data to design antibodies 

(nano-conjugated therapeutics) with improved 
specificity and affinity for their targets

[155]

Real-World 
Evidence 

Generation

Collect evidence from real-world 
settings

ML Techniques Analyses of real-world data (eg, electronic health 
records) to evaluate treatment effectiveness and 

safety post-approval

[156]

Target 

Identification

Identify biological targets for 

drug development

Deep Neural 

Networks 
(DNN), SVM

GPCR target identification, kinase inhibitors [157]

Lead Compound 
Discovery

Discover chemical compounds 
with therapeutic potential

QSAR Models, 
Bayesian 

Optimization

Novel antibiotics, small-molecule inhibitors [158]

Molecular 

Docking

Predict ligand-receptor binding 

and optimize interactions

Reinforcement 

Learning, 

AutoDock

Docking of cancer therapy drugs, anti-inflammatory 

agents

[159]

Drug Repurposing Reuse existing drugs for new 

therapeutic purposes

Transfer 

Learning, 
Recommender 

Systems

Repurposing metformin for cancer therapy [160]

ADMET 

Prediction

Assess pharmacokinetics and 

toxicity of drug candidates

Gradient 

Boosting, 

RNNs

Prediction of hepatotoxicity and bioavailability [161]

Biomarker 

Discovery

Identify biomarkers for drug 

response prediction

Clustering 

Algorithms, 
Autoencoders

Biomarker discovery for oncology and 

neurodegenerative diseases

[162]

Drug Synthesis 
Optimization

Design efficient synthesis 
pathways for drugs

Genetic 
Algorithms, 

GNNs

Optimization of synthetic routes for antiviral drugs [163]

(Continued)
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Table 4 (Continued). 

Domain Objective AI Tool/ 
Database

Application References

Clinical Trial 
Design

Predict patient populations and 
stratify cohorts for trials

NLP, Predictive 
Modelling

Stratification of cancer patients based on genetic 
mutations

[164]

Pharmacovigilance Monitor drug safety and adverse 
effects post-market approval

Text Mining, 
Sentiment 

Analysis

Detection of adverse drug reactions in EHRs [165]

Omics Data 

Integration

Combine genomics, proteomics, 

and metabolomics for drug 

discovery

Multi-omics 

Integration, DL

Personalized medicine in oncology [166]

De Novo Drug 

Design

Generate novel drug candidates Generative 

Adversarial 
Networks 

(GANs)

Uses GANs to create new molecular structures with 

desired properties, enhancing the discovery of 
innovative therapeutics

[167]

ADMET 

Prediction

Predict absorption, distribution, 

metabolism, excretion, and 

toxicity properties of drugs

ML Models Utilizes ML algorithms to assess ADMET properties 

early in the drug development process, improving 

candidate selection

[168]

Drug Target 

Interaction 
Prediction

Predict interactions between 

drugs and their targets

DL Models Employs DL techniques like RNNs and CNNs to 

forecast interaction strengths between compounds 
and biological targets

[169]

High-Throughput 

Screening

Accelerate compound screening 

processes

Automated ML 

Systems

Integrates automation with ML algorithms to 

streamline the screening of large compound libraries 

for potential leads

[170]

Polypharmacology Explore multiple target 

interactions for single drugs

Network 

Pharmacology 
Tools

Investigates how a single compound can affect multiple 

biological targets, aiding in the design of multi-target 
therapies

[171]

Gene Expression 
Analysis

Analyze gene expression profiles 
for therapeutic insights

ML Techniques Uses ML algorithms to correlate gene expression 
changes with drug responses, facilitating biomarker 

discovery

[172]

Structure-Based 

Drug Design

Predict protein-ligand 

interactions using structural 

information

Molecular 

Docking 

Software

Leverages structural models of proteins to simulate 

binding interactions with potential ligands, optimizing 

lead candidates

[173]

Chemical Space 

Exploration

Navigate vast chemical spaces for 

novel compounds

Chemical 

Informatics 
Tools

Employs AI-driven methods to explore chemical space 

effectively, identifying unique molecular candidates 
with desired properties

[174]

Clinical Trial 
Optimization

Improve trial design through 
predictive modelling

Statistical ML 
Models

Applies statistical models to optimize clinical trial 
protocols based on historical outcomes and patient 

demographics

[175]

Patient 

Stratification

Identify patient subgroups likely 

to respond to treatments

ML Algorithms Utilizes ML techniques on clinical data to stratify 

patients based on predicted responses, enhancing 

personalized nano medicine efforts

[176]

Drug-Drug 

Interaction 
Prediction

Identify potential interactions 

between concurrent medications

ML Algorithms Analyses of large datasets of known interactions using 

ML models to predict adverse effects in polypharmacy 
situations

[177]

(Continued)
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Ethical and Regulatory Considerations for Nano Medicine
Addressing Challenges Related to Data Privacy and Security for Nano Medicine
Appropriate measures must be taken to protect patient autonomy and privacy. Competing objectives may impact private 
data custodians; thus, they should be structurally supported to maintain data protection and prevent unauthorized use.186 

Concerns about the external risks of privacy violations caused by AI-driven techniques are another set of issues.187,188 

Emerging technologies that can efficiently reidentify such data may be undermined or rendered useless for de-identifying 
or hiding patient health information. The danger to patient data stored by private custodians can arise as a result of this. 
The European Commission has implemented legislation with standardized AI standards that outline an organizational 
accountability principle for privacy and data, which is similar to the European General Data Protection Regulation.189

Strong privacy protection is achievable when institutions are fundamentally incentivized to work together to secure 
data protection through their design. Although commercial healthcare AI systems can be controlled to preserve privacy, 
these systems have conflicting objectives.190 As we have seen, businesses might not be sufficiently motivated to uphold 
privacy protection if they profit from the data or use them in other ways, and if punishments for breaking the law are not 
severe enough to deter such behavior. The use of commercial AI consumes large amounts of data, which raises additional 

Table 4 (Continued). 

Domain Objective AI Tool/ 
Database

Application References

AI-Driven 
Compound 

Library Design

Optimize libraries for high- 
throughput screening

Generative 
Models

Uses generative models to design diverse compound 
libraries tailored for specific biological targets

[178]

Network Analysis 

for Cancer 

Targets

Identify novel cancer therapeutic 

targets using biological networks

Graph Theory 

Algorithms

Applies graph theory algorithms on biological 

interaction networks to uncover new cancer targets

[179]

Predictive 

Toxicology

Assess toxicity profiles based on 

chemical structure

QSAR Models Implements quantitative structure-activity relationship 

models to predict toxicological outcomes from 
chemical structures

[180]

AI-Assisted 
Clinical Trials

Enhance recruitment strategies 
through predictive modelling

ML Techniques Uses predictive analytics on demographic data to 
optimize participant recruitment strategies in clinical 

trials

[180]

AI-Based Drug 

Formulation 

Optimization

Optimize formulations using 

predictive modelling

Simulation 

Software

Leverages simulation software and AI tools to refine 

drug formulations based on predicted stability profiles

[181]

Real-Time 

Monitoring of 
Drug Effects

Monitor patient responses during 

clinical trials

Wearable 

Technology + 
AI

Integrates wearable technology with AI analytics for 

real-time monitoring of patient responses during trials

[182]

Multi-Omics Data 

Integration

Combine genomics, proteomics, 

and metabolomics data for 

insights

Multi-Omics 

Platforms

Utilizes integrated multi-omics platforms powered by 

AI algorithms for comprehensive insights into disease 

mechanisms

[183]

AI-Powered 

Protein Structure 
Prediction

Predict protein structures using 

DL algorithms

DeepMind’s 

AlphaFold

Utilizes DL techniques for accurate protein folding 

predictions, aiding in understanding protein-ligand 
interactions

[184]

ML in Rare 
Disease Research

Accelerate identification of 
treatments for rare diseases

Recursion’s 
Operating 

System

Employs extensive datasets and ML algorithms to 
discover potential treatments across various rare 

genetic diseases

[185]
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Table 5 Representative Clinical Case Studies Highlighting the Integration of Artificial Intelligence (AI) Across Diverse Healthcare Applications

NCT 
Number

Study Title Clinical Condition Intervention Study Type AI Technique/ 
Model

Application Area

NCT06654128 AI-assisted predictive clinical modeling 

study

General clinical condition AI-assisted 

intervention

Interventional Predictive modeling Risk prediction and outcome 

forecasting

NCT05178095 AI-enabled diagnostic support system study Disease diagnosis AI-based diagnostic 

tool

Observational AI-driven diagnostics Clinical diagnosis and screening

NCT07265154 Machine learning-based disease prediction 

study

Chronic disease ML-based model Observational Machine learning 

model

Disease prediction

NCT06026098 AI-powered clinical decision support 

system

Multi-condition AI-CDSS Interventional Clinical decision 

support

Treatment planning

NCT06634472 AI-driven cohort stratification study Patient population study AI-based analysis Observational AI-based cohort 

analysis

Population stratification

NCT06770985 Data-driven patient stratification using AI Heterogeneous disease 
groups

AI analytics platform Observational Data-driven 
stratification

Personalized medicine

NCT06982885 AI-based clinical risk prediction study High-risk patients AI risk model Observational AI risk prediction Prognosis & risk scoring

NCT04676308 AI-based medical imaging analysis study Imaging-based diagnosis AI imaging software Observational Imaging AI Radiology & image interpretation

NCT05982821 AI algorithm validation in clinical settings Clinical validation cohort AI algorithm testing Interventional Algorithm validation Model validation

NCT06982872 Predictive analytics for clinical outcomes Disease progression AI predictive system Observational Predictive analytics Outcome prediction

NCT05139186 AI-guided therapeutic intervention study Target disease AI-guided treatment Interventional AI-guided therapy Precision treatment

NCT06481358 ML-based patient monitoring system study Chronic disease 

management

ML monitoring tool Observational ML-based monitoring Remote monitoring

NCT05166122 AI-assisted treatment optimization study Disease treatment AI-assisted therapy Interventional AI-assisted treatment Therapy optimization

NCT07456241 Deep learning-based clinical analysis study Complex disease DL-based model Observational Deep learning Pattern recognition

NCT06517082 AI-based treatment optimization 

framework

Therapeutic intervention AI optimization 

system

Interventional AI-based optimization Treatment optimization

NCT06481358 ML-based patient monitoring system study Chronic disease 

management

ML monitoring tool Observational ML-based monitoring Remote monitoring

NCT05166122 AI-assisted treatment optimization study Disease treatment AI-assisted therapy Interventional AI-assisted treatment Therapy optimization

Note: Data obtained from https://clinicaltrials.gov/search?intr=Artificial%20Intelligence&viewType=Card.
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issues concerning the external threat of privacy violations caused by extremely complex algorithmic systems.191,192 

Numerous countries, including the United States, Canada, and Europe, have experienced an increase in healthcare data 
breaches. Healthcare AI is currently in an exciting stage of development and adoption, and the health gains these 
technologies produce for the patients whose data they utilize should be large, if not enormous.193 However, significant 
privacy issues are associated with the use of commercial healthcare AI.

Ensuring the Transparency and Interpretability of ML Models for Nano Medicine
In ML projects, it is crucial to choose characteristics that are pertinent, significant, and easy to comprehend for the 
system and task. Features are characteristics or attributes that characterize information and affect the conclusions or 
predictions made by the models. The extent to which an individual can accurately predict a model’s outcome is known as 
its interpretability.194 The more interpretable an ML model, the simpler it is to understand why specific judgments or 
predictions are made using it. Interpretability and explanations are essential for promoting learning and satisfying the 
desire to understand why particular predictions or behaviors are produced by computers.

Regulatory Implications of Using AI in Drug Discovery for Nano Medicine
New regulatory problems, such as certification, personal use, data sharing management, privacy security, and responsibility, 
are caused by rapidly evolving medical AI scenarios. The Food and Drug Administration (FDA) in the United States 
declared that it had no plans to enforce the necessity of certain lower-risk device software functions, including symptom 
checkers. During the outbreak, the British Medicines and Healthcare Products Regulatory Agency authorized the fast-track 
approval of medical devices. According to a new assessment by the FDA and the International Medical Device Regulators 
Forum (IMDRF), AI technologies are distinct from conventional medical devices. The IMDRF and FDA have collaborated 
to create a new classification called “Software as a Medical Device” (SaMD),192 highlighting the need for an updated 
regulatory framework that considers the safety challenges that AI systems must address in complex environments; that is, 
learning periods that may cause major discrepancies in system performance.195,196 The current rule makes it challenging to 
obtain consent for data processing. The analysis of data from thousands of patients makes it challenging to deploy AI 
technologies for medical purposes because consent is required for the collection and use of personal data.

Challenges and Future Directions
The integration of ML and DL techniques into drug discovery and targeting has led to a remarkable period of invention and 
rapid advancement.47,197 From target identification and validation to predictive modeling and personalized medicine, these 
cutting-edge technologies have proven their ability to drastically accelerate and improve several aspects of pharmaceutical 
research. Despite significant accomplishments and encouraging results, the path to realizing the full potential of ML and DL 
in this sector is distinguished by various intricate hurdles and warrants further exploration and improvement.

The creation of novel pharmaceuticals that can successfully treat diseases is a difficult and resource-intensive process in 
drug discovery. The selection of appropriate pharmacological targets, design and screening of candidate compounds, and 
rigorous testing to ensure safety and efficacy are frequently performed in this regard. Traditionally, this procedure has 
depended significantly on expensive and time-consuming procedures. ML and DL have become formidable tools for 
analyzing large datasets, identifying intricate patterns, and creating predictive models that aid in the selection of new drug 
candidates and accelerate the discovery process. ML and DL have accelerated the process of finding novel medications, 
reducing the time and expense involved in bringing them to the market.197 Additionally, they have opened the door for 
personalized medicine, which involves the development of customized treatment programs for patients based on their 
genetic profiles and medical histories.195–198 These results demonstrate the considerable promise of ML and DL in 
revolutionizing the pharmaceutical sector. Despite their potential, the incorporation of ML and DL into drug development 
and targeting is not without difficulties. The availability and quality of data are among the greatest challenges. To train and 
produce precise predictions, ML and DL models primarily depend on large, high-quality datasets.197,199 However, 
obtaining such data is difficult in the pharmaceutical industry. Data-related problems, such as data bias, data shortages, 
and privacy concerns, frequently occur, highlighting the need for solutions to address these issues.
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Data Availability and Quality
The availability and quality of data are major issues faced by academics and pharmaceutical companies in the rapidly 
changing field of drug discovery and targeting.197 In this section, we explore these issues and examine various strategies 
and advancements that have the potential to improve data accessibility and quality when applied to ML and DL 
applications in drug development and targeting. The ability of ML and DL approaches to glean insightful information 
from enormous datasets has been established; however, their usefulness is largely dependent on the data on which they 
are trained.200 The availability of extensive high-quality datasets is crucial for the successful application of ML and DL 
techniques in drug development.47 Data-related difficulties have several aspects. Data scarcity is a significant challenge, 
particularly when addressing specific disease regions or rare illnesses, where datasets may be limited in terms of size and 
scope. Second, data quality is a major concern.201 For ML and DL models to be reliable, biomedical data must be precise, 
error-free, and consistent, whether they are genomic, clinical, or molecular interaction data.199 Furthermore, the risk of 
data bias from skewed or underrepresented datasets is high and can result in biased model predictions and unfavorable 
results.198 Finally, to preserve sensitive patient information by changing data protection legislation, strong protections are 
required owing to ethical and data privacy concerns.202 Potential initiatives and steps to enhance data accessibility and 
quality in the context of ML are as follows: (i) data sharing initiatives: encouraging pharmaceutical companies and 
research institutions to share their data can significantly enhance the pool of available data for ML and DL applications; 
(ii) data augmentation: employing techniques such as data augmentation, transfer learning, and domain adaptation to 
make the most of the existing data and mitigate issues related to data scarcity; and (iii) QC standards: to improve data 
quality, QC standards and best practices for data collection, curation, and annotation should be established.

Interpretability and Transparency
The creation of exact predictive models is frequently recognized as a notable accomplishment in ML and DL applications for 
nanomedicine, drug discovery, and targeting. However, a significant problem arises when these models are expected to make 
choices that directly affect patients’ health and well-being.203 The interpretability and transparency of ML and DL models are 
central to this dilemma; they are two crucial characteristics necessary for establishing confidence, promoting collaboration, 
and ensuring the proper integration of these technologies into the pharmaceutical sector.75,76 Transparency refers to the 
model’s inner workings, which are transparent and easy to understand, including the aspects considered in the model. 
Challenges and future directions in this aspect include the following: (i) model explainability: developing methods for 
explaining the predictions of complex DL models, making it easier for researchers and regulators to understand why a 
particular decision was made; (ii) regulatory compliance: aligning ML and DL models with regulatory requirements, ensuring 
that they meet standards for transparency and interpretability; and (iii) ethical considerations: addressing ethical dilemmas 
related to the black-box nature of DL models, particularly in cases where models may influence clinical decisions.

Ethical and Regulatory Considerations
The integration of ML and DL in drug discovery raises several ethical and regulatory issues. It is essential to navigate 
these challenges to ensure the responsible and safe use of these technologies.204 Future directions include the following:

i. Data privacy and security: Numerous countries and continents around the world, including the United States, 
Canada, and Europe, have faced an increase in healthcare data breaches,193 necessitating the strengthening of 
data privacy measures to protect sensitive patient information and confidential research data.205

ii. Bias and fairness: Developing techniques to detect and mitigate bias in ML and DL models to ensure fair and equitable 
outcomes.190 Data bias arises when certain populations or experimental conditions are underrepresented in datasets, 
leading to models that may not generalize well to diverse groups, as highlighted by Queshi et al for clinical algorithms.206

iii. Regulatory frameworks: Collaborating with regulatory bodies to establish guidelines and standards for validating 
ML and DL models for drug discovery and targeting.191 Privacy concerns also pose a significant challenge, with 
regulations such as the General Data Protection Regulation (GDPR) in Europe and the Health Insurance 
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Portability and Accountability Act (HIPAA) in the United States aiming to protect sensitive medical information; 
however, issues related to data security and confidentiality persist.207

Collaborative Efforts Between ML and Domain Experts
The synergy between ML and domain experts in fields such as pharmacology and biology is critical for the success of 
ML and DL applications in drug discovery.103 Key challenges include (i) interdisciplinary collaboration, which involves 
encouraging collaborative efforts between ML and domain experts to bridge the gap between technological capabilities 
and pharmaceutical domain knowledge, and (ii) training and education, which involves establishing programs and 
initiatives to train domain experts in ML and vice versa, fostering a shared understanding of both fields.

Integration of Multimodal Data
In drug discovery, information is obtained from various sources, including genomic data, medical imaging, and scientific 
literature.206 The integration of multimodal data sources is vital for obtaining a comprehensive understanding of the 
subject. Challenges and future directions include the following: (i) data fusion techniques: developing advanced 
techniques for integrating data from different modalities, such as combining genomic data with medical imaging or 
textual information; (ii) cross-domain learning: exploring methods for transferring knowledge and insights across 
different data modalities to improve drug discovery outcomes; and (iii) semantic integration: developing methods to 
harmonize and standardize data from diverse sources, enabling more effective analysis and interpretation.

Addressing these challenges and charting future directions for the integration of ML and DL in drug discovery and 
targeting will not only advance research but also contribute to the development of safer and more effective drugs.109 By 
addressing these issues, the pharmaceutical industry can harness the full potential of these technologies while ensuring 
ethical and regulatory compliance in their use.

Challenges and Constraints in ML Enabled Research for Nano Medicine
The use of ML and DL methodologies in nanomedicine and drug development and targeting has spawned a new wave of 
innovation and revolutionized pharmaceutical research. As these technologies become increasingly involved in the search 
for novel drug candidates, it is critical to understand that, like any scientific enterprise, they have limitations and 
unexplored areas that require further research.203,208 To advance the profession, it is essential to recognize these 
constraints and identify areas for future research. In this section, we examine the current limitations that prevent ML 
and DL from realizing their full potential in drug discovery. These limitations address a variety of issues, such as 
technical challenges, ethical and legal concerns, and difficulty in comprehending the outcomes of complex ML models. 
Although these limitations pose challenges, they can serve as starting points for identifying significant research gaps. 
Finding solutions to these issues provides stimulating research opportunities that move the discipline closer to a more 
efficient, open, and ethically upright future.209 Several limitations and further research opportunities should be considered 
when using ML and DL for drug discovery (Figure 26).

The key constraints of ML and DL models in nanotechnology and drug discovery are as follows:

● Data quality and availability: The creation and effectiveness of ML and DL models may be hampered by a lack of 
high-quality, complete datasets.210

● Ethical concerns: Working with sensitive medical and genomic data presents substantial ethical problems in terms 
of protecting patient privacy and data security.73

● Interpretability: The reasoning behind the predictions made by complex deep learning models may be challenging 
to comprehend because they frequently lack interpretability.211

● Fairness and bias: ML and DL algorithms may unintentionally reinforce biases found in the training data, producing 
unfair outcomes.8

● Regulatory compliance: Collaboration with regulatory agencies may be necessary because existing regulatory 
frameworks may not completely consider the intricacies of AI technology in drug research.9

International Journal of Nanomedicine 2026:21                                                                                   https://doi.org/10.2147/IJN.S600651                                                                                                                                                                                                                                                                                                                                                                                                      53

Chakraborty et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



● Data fusion: Challenges in data fusion, cross-domain learning212 and semantic integration arise when data from 
several sources, such as genomes, medical imaging, and scientific literature, are combined.4

Conclusion
The combination of machine learning and deep learning with nanomedicine is transforming drug discovery by enabling 
the development of therapeutics focused on data and precision. In addition to increasing the speed of traditional 
processes, AI-based solutions are enabling the rational design and optimization of nanocarrier systems, enhancing 
drug bioavailability, targeting efficiency, and safety profiles. ML-guided nanoformulations have shown great potential 
to improve delivery efficiency and therapeutic outcomes, highlighting their importance in promoting precision nanome
dicine. Moreover, the capacity of AI models to deconstruct intricate nano–bio phenomena, such as protein corona 
formation and biodistribution profiles, offers a crucial basis for the creation of next-generation nanotherapeutics. 
Although these advances have been made, there is limited clinical translation. There is still a major disparity between 
preclinical achievements and human validation, especially because standardized and large-scale clinical trials of AI- 
optimized nanotherapeutics are not available. To overcome this, AI–nanomedicine-combined clinical trials, including 
adaptive designs, biomarker-based stratification, and real-time data analytics, are urgently needed. These experiments 
will be necessary to confirm predictive models, assess safety and effectiveness in heterogeneous patient groups, and build 
trust in AI-enabled nanomedicine systems. In the future, explainable AI convergences with multi-omics integration and 

Figure 26 Overview of existing constraints and challenges limiting the application of ML and DL in nano medicine and drug discovery. (A) Data fusion and interpretability, 
(B) regulatory compliance, (C) ethical concerns and algorithmic bias, and (D) data quality and availability (created using BioRender).
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standardized nanomedicine databases have the potential to further promote model reliability and clinical applicability. 
Most importantly, although AI-guided nanomedicine has colossal potential to enhance precision therapy, its effective 
translation will require closing the gap between computational innovation and clinical validation by providing specific 
AI–nano clinical trial systems. Although ML and DL have made massive contributions to drug discovery and nanome
dicine design, their use is limited by the heterogeneity of the data, their low interpretability, and lack of clinical 
validation. Most of the reported successes rely on preclinical or retrospective research, and little real-life translation. 
Issues related to nano–bio interactions, reproducibility, and regulatory acceptance continue to exist. Thus, in addition to 
the development of technologies, more efforts should be devoted to critical assessment, standardized data, and properly 
structured AI–nanomedicine clinical trials to guarantee reliable, safe, and clinically significant results.
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