
Review Not peer-reviewed version

Computational Pharmaceutics: A

Comprehensive Review of Past

Achievements, Present Applications,

and Future Challenges

Yogesh Chaudhari * , Manisha Chaudhari * , Abhijeet Puri , Mahesh Nemade

Posted Date: 19 April 2024

doi: 10.20944/preprints202404.1013.v2

Keywords: computational pharmaceutics; AI; multi-scale modeling; quantum computing; drug discovery;

blockchain frameworks

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/3499865
https://sciprofiles.com/profile/3498948
https://sciprofiles.com/profile/2934097


 

Review 

Computational Pharmaceutics: A Comprehensive 
Review of Past Achievements, Present Applications, 
and Future Challenges 
Yogesh S. Chaudhari 1,*, Manisha Y. Chaudhari 2, Abhijeet Puri 3 and Mahesh Nemade 4 

1 Dr. L H. Hiranandani College of Pharmacy, Ulhasnagar 
2 D Y Patil University School of Pharmacy, Navi Mumbai 
3 St. John Institute of Pharmacy and Research, Palghar 
4 TVE’s Hon. Loksevak Madhukarrao Chaudhari College of Pharmacy, Faizpur 
* Correspondence: yogesh.chaudhari@dlhhcop.org 

Abstract: This paper explores the transformative impact of computational pharmaceutics, integrating AI, multi-
scale modeling, quantum computing, AI-driven drug discovery, and blockchain frameworks. Molecular 
dynamics simulations provide insights into atomic behaviors crucial for drug design. Quantum computing 
reduces computational costs for simulating protein-drug interactions. AI and Graph Neural Networks 
accelerate drug discovery and personalized medicine. Blockchain frameworks facilitate secure 
pharmacogenetic data sharing. These advancements revolutionize drug development, offering unprecedented 
efficiency, innovation, and personalized treatments. 
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I. Introduction 
A. Definition and Evolution of Computational Pharmaceutics 

Computational pharmaceutics has evolved significantly over time. Initially, pharmaceutical 
research heavily relied on mathematical and statistical calculations (Nainwal et al., 2022). The field 
progressed from quantitative structure-activity relationship (QSAR) studies to computer-aided drug 
design (CADD), leading to rational drug design (Abd-Algaleel et al., 2021). Modern computational 
pharmacology utilizes models and simulations for drug discovery, focusing on molecular 
interactions and compound design (Sadiku et al., 2019). Recent advancements include the application 
of artificial intelligence and machine learning in predicting drug payload in nanocarriers (Saharan et 
al., 2022; Chaudhari and Chaudhari 2024)). Computational pharmaceutics now offers a multiscale 
approach, incorporating various modeling techniques for drug delivery and formulation 
development, benefiting both industry and academia (Ouyang & Smith, 2015). This historical journey 
showcases how computers have revolutionized pharmaceutical research, enhancing efficiency and 
success in drug discovery and development. 

The field of computational pharmaceutics has evolved significantly over the years. Initially, 
computations in pharmaceutical formulations involved correlating variables with responses and 
regression analysis, leading to the development of specialized software packages for 
pharmacokinetics and drug discovery (Abd-Algaleel et al., 2021; Nainwal et al., 2022). Subsequently, 
computational chemistry applications became integral in drug discovery workflows, supporting 
various stages of drug development such as process chemistry, analytical research, and solid form 
design (Abramov et al., 2022). The evolution continued with the transition from quantitative 
structure-activity relationship (QSAR) studies to advanced computer-aided drug design (CADD) 
techniques like structure-based drug design (SBDD) and ligand-based drug design (LBDD), 
facilitated by the rise of artificial intelligence and machine learning in predicting drug payload in 
nanocarriers (Sadiku et al., 2019; Saharan et al., 2022; Chaudhari and Md 2024). These advancements 
have revolutionized drug discovery from empirical approaches to rational design strategies. 
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Computational pharmaceutics involves utilizing computational modeling techniques to 
understand drug delivery mechanisms and develop new delivery systems.(Ouyang & Smith, 2015; 
Sadiku et al., 2019) It encompasses molecular modeling for rational drug design, compound 
screening, and studying formulation at a molecular level (Hussain et al., 2023; Ouyang & Smith, 2015). 
This field explores various drug delivery systems like cyclodextrins, liposomes, and polymeric 
systems. Computational pharmaceutics aids in predicting drug behavior, investigating chemical 
interactions, and designing compounds, offering a valuable tool for pharmaceutical scientists and 
computational chemists. By bridging the gap between pharmaceutics and molecular modeling, 
computational pharmaceutics provides a systematic approach to enhance drug development and 
formulation processes. 

B. Significance of Integrating AI and Multi-Scale Modeling in Pharmaceutics 
The integration of AI and multi-scale modeling as shown in Figure 1 is considered significant in 

pharmaceutics due to its potential to revolutionize drug discovery and development processes 
(DiNuzzo, 2022; Pokhriyal et al., 2023). AI offers a third-party perspective on manufacturing 
techniques, recommending improvements for optimal efficiency (Muqtadiroh et al., 2022). It 
accelerates drug development, reduces costs, enhances returns on investment, and improves drug 
safety (Pareek et al., 2022). AI's ability to deepen mechanistic understanding of diseases through 
modeling and simulation of biological networks is crucial for advancing drug discovery (Pareek et 
al., 2022; Sharma, 2022). Additionally, AI's role in identifying new drugs faster and cheaper is a game-
changer, despite existing challenges. Overall, the integration of AI and multi-scale modeling holds 
promise in streamlining pharmaceutical research, improving healthcare outcomes, and addressing 
industry challenges. 

 
Figure 1. Transforming Drug Discovery with AI and Modeling. 

Integrating AI in pharmaceutics enhances formulation development by expediting trials and 
optimizing resources (Chavda, 2023; Goud et al., 2023; Jiang et al., 2022; Vora et al., 2023). AI 
algorithms analyze biological data to identify disease targets, predict interactions, and optimize drug 
discovery processes, reducing costs and animal testing (S. Wang et al., 2022). AI-based formulation 
design models provide limited yet promising designs, minimizing trial runs and resource wastage. 
AI aids in predicting product properties, optimizing drug formulations, and streamlining 
development processes for solid dosage forms. Furthermore, AI and ML applications in drug 
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manufacturing improve process parameters, ensuring optimum output quality in large-scale 
medication synthesis. Overall, AI's integration in pharmaceutics through various algorithms and 
models significantly contributes to advancing formulation development processes. 

The integration of Artificial Intelligence (AI) and Multi-Scale Modeling in pharmaceutics is 
poised to bring about significant paradigm shifts. AI offers the promise of enhancing drug discovery 
and development processes by leveraging data and knowledge for modeling biological networks 
(DiNuzzo, 2022). Multi-Scale Modeling, facilitated by machine learning algorithms, can assist in 
approximating functions in high dimensions, aiding in tasks like molecular dynamics and non-
Newtonian flows (Wanjul et al., 2023). Furthermore, the use of Graph Neural Networks (GNN) in 
Multi-Omics data analysis can prioritize molecular targets and decipher core signaling pathways in 
complex diseases, leading to personalized precision medicine and drug resistance investigations 
(Weinan et al., 2023). This integration is expected to accelerate the identification of new drugs, cut 
costs, and create more effective treatments, ultimately saving lives (Zhang et al., 2023). 

C. Overview of Computational Approaches in Pharmaceutics 
Key computational approaches in pharmaceutics molecular dynamic simulations, docking 

studies, quantum phase estimation calculations, virtual screening methods, and machine learning 
included in Table 1. These approaches have revolutionized drug discovery by enabling the modeling 
and prediction of drug payload in nanocarriers (Abd-Algaleel et al., 2021). Additionally, 
computational support is provided for process chemistry, analytical research and development, and 
drug product formulation, with a focus on solid form design through virtual screening methods 
(Abramov et al., 2022). Quantum computers are also utilized for simulating chemical systems, with 
active space selection protocols enhancing accuracy in quantum computational treatments of 
pharmaceutical systems (Izsák et al., 2023). Furthermore, ligand screening benefits from fast 
computational methods, deep learning predictions, and iterative screening approaches, facilitating 
the identification of diverse and potent ligands for protein targets (Sadybekov & Katritch, 2023). 
Lastly, a combined computational approach involving structural similarity assessment, machine 
learning, and molecular modeling aids in identifying promising pharmaceutical agents from large 
virtual repositories of synthesizable molecules. 

Computational approaches play a crucial role in addressing challenges in pharmaceutical 
science by aiding in drug repurposing, lead identification, drug metabolism prediction, and ligand 
discovery (Adhikary & Basak, 2020; Ashfaq et al., 2022; Chauhan et al., 2023; Sadybekov & Katritch, 
2023). These approaches involve techniques such as structure-based virtual screening, molecular 
docking, molecular dynamics simulations, and bioinformatics tools to expedite drug development 
processes, minimize costs, and enhance efficacy and safety assessments. By leveraging computational 
modeling, researchers can study physiological parameters, drug interactions, toxicity concerns, and 
predict drug metabolism, leading to the establishment of therapeutic dosage regimens and the 
identification of potential drug candidates. The integration of computational intelligence with 
pharmaceutical research enables the exploration of vast chemical spaces, accelerates lead discovery, 
and facilitates the development of safer and more effective treatments for various diseases, including 
the ongoing COVID-19 pandemic. 

Computational pharmaceutics plays a pivotal role in modern drug discovery and formulation 
development (Hussain et al., 2023). By utilizing computational models and simulations, researchers 
can gain insights into molecular interactions, drug delivery mechanisms, and formulation behaviors 
(Sadiku et al., 2019). This approach enables the rational design of drugs, prediction of drug behavior, 
and development of novel drug delivery systems (Ouyang & Smith, 2015). The use of computational 
tools allows for a deeper understanding of the complex processes involved in pharmaceutical science, 
ranging from small drug molecules to nanoparticles, ultimately aiding in the optimization of drug 
efficacy and safety profiles (Douroumis et al., 2015). Overall, computational pharmaceutics bridges 
the gap between theoretical modeling and practical applications, revolutionizing the pharmaceutical 
industry by enhancing drug development processes and facilitating the creation of more effective 
medications. 
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Table 1. comprehensive comparison of computational approaches in pharmaceutics. 

Computational 

Approach 

Techniques/Tools Impact on 

Pharmaceutical Science 

Key References 

Molecular 

Dynamic 

Simulations 

Molecular dynamics 

software (e.g., GROMACS, 

AMBER, NAMD). 

Facilitates the rational 

design of drug delivery 

systems, enhances 

understanding of drug 

behavior in complex 

environments. 

Abd-Algaleel et al. 

(2021) 

Docking Studies Molecular docking 

software (e.g., Autodock, 

GOLD, Glide). 

Expedites drug 

discovery processes, aids 

in hit identification and 

lead optimization. 

Ashfaq et al. (2022); 

Chauhan et al. 

(2023); Sadybekov 

& Katritch (2023) 

Quantum Phase 

Estimation 

Calculations 

Quantum chemistry 

software (e.g., Gaussian, 

NWChem, Q-Chem). 

Improves accuracy in 

quantum mechanical 

calculations, aids in 

understanding complex 

chemical systems. 

Izsák et al. (2023) 

Virtual Screening 

Methods 

Virtual screening software 

(e.g., Schrödinger Suite, 

OpenEye, MOE). 

Expedites lead 

discovery, minimizes 

costs, aids in drug 

repurposing efforts. 

Abramov et al. 

(2022); Adhikary & 

Basak (2020); 

Sadybekov & 

Katritch (2023) 

Machine 

Learning 

Machine learning 

algorithms (e.g., neural 

networks, random forests, 

support vector machines). 

Enhances predictive 

accuracy, facilitates data-

driven drug discovery, 

aids in identifying novel 

chemical entities. 

Sadybekov & 

Katritch (2023) 

Bioinformatics 

Tools 

Bioinformatics software 

(e.g., PyMOL, Chimera, 

BLAST). 

Enables better 

understanding of 

biological systems, aids 

in drug-target 

interaction studies, 

facilitates personalized 

medicine. 

Ashfaq et al. (2022); 

Chauhan et al. 

(2023) 

Role in Drug 

Development 

Computational chemistry 

techniques, in silico 

modeling, data mining 

approaches. 

Accelerates drug 

development timelines, 

reduces failure rates, 

enables precision 

medicine approaches. 

Adhikary & Basak 

(2020); Ashfaq et al. 

(2022); Chauhan et 

al. (2023); 

Sadybekov & 

Katritch (2023) 
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Impact on 

Pharmaceutical 

Science 

Enhanced understanding 

of molecular interactions, 

expedited drug 

development timelines, 

improved drug safety 

profiles. 

Facilitates the 

development of safer 

and more effective 

medications, enables 

precision medicine, 

reduces development 

costs. 

Abd-Algaleel et al. 

(2021); Hussain et 

al. (2023); Sadiku et 

al. (2019); Ouyang & 

Smith (2015); 

Douroumis et al. 

(2015) 

Applications Computational modeling 

of physiological 

parameters, drug-drug 

interactions, toxicity 

prediction, dose-response 

modeling. 

Enhances drug efficacy 

and safety profiles, aids 

in personalized medicine 

approaches, optimizes 

therapeutic regimens. 

Abd-Algaleel et al. 

(2021); Hussain et 

al. (2023); Sadiku et 

al. (2019); Ouyang & 

Smith (2015); 

Douroumis et al. 

(2015) 

II. Past Achievements in Computational Pharmaceutics 
A. Role of Quantum Mechanics (QM) in Predicting Molecular Properties 

Quantum mechanics plays a crucial role in predicting molecular properties in Pharmaceutics by 
enabling accurate calculations of electronic properties of drug-like molecules (Aĵ et al., 2022). This 
is particularly valuable for tasks like drug design and substance discovery, where predicting 
properties such as atomization energy is essential (Aĵ et al., 2022; Tielker et al., 2021)(Pozzan, 2020). 
Quantum mechanics methods provide a detailed understanding of the electronic state of molecules, 
aiding in the study of drug metabolism and interactions with cytochromes from a mechanistic 
perspective. Additionally, machine learning techniques, such as Multilevel Graph Convolutional 
Neural Networks, have shown promise in predicting molecular properties by considering the 
complex quantum interactions of molecules, thus enhancing research progress in drug development 
(Lu et al., 2019). 

Advancements in pharmaceutics using Quantum Mechanics (QM) include the application of 
quantum computing to simulate chemical systems (Mahesh & Shijo, 2023), accelerate drug discovery 
processes (Izsák et al., 2023), and enhance drug development through quantum algorithms like 
molecular docking and QSAR models (Izsák et al., 2023; P.-H. Wang et al., 2023). Quantum computing 
enables the accurate description of molecular environments, selection of active spaces for quantum 
computational treatment, and prediction of protein structures for drug design (Blunt et al., 2022). 
Recent progress in quantum algorithms has significantly reduced the computational cost of 
simulating complex protein-drug interactions, showcasing the potential for faster and more efficient 
drug development processes. These advancements demonstrate the promising role of quantum 
technologies in revolutionizing pharmaceutical research and development. 

B. Molecular Dynamics Simulation for Understanding Physical Motion 
Molecular dynamics (MD) simulation is a crucial computational technique for comprehending 

the physical motions of atomic and molecular particles. By utilizing Newton's equations of motion 
and molecular mechanics force fields, MD simulations reveal the dynamic evolution of systems 
(Takemura & Kitao, 2023; B. Xu, 2023). This approach is extensively employed in various fields like 
materials science, theoretical chemistry, and computational biology to study biomacromolecules' 
conformational changes, protein-ligand interactions, and membrane shaping induced by protein 
families like the BAR domain superfamily (Arya & BhaĴ, 2021; Rizzuti, 2022). MD simulations have 
a significant impact on drug discovery, molecular biology, and predicting macromolecular structures 
and functions, making them invaluable tools for researchers. These simulations provide atomic-level 
insights into molecular motions, aiding in the accurate analysis of biomolecular interactions within 
dynamic environments. 
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Current advancements in using simulation techniques for optimizing pharmaceutical 
formulations include the adoption of Quality by Design (QbD) principles, such as Design of 
Experiments (DoE) (Abramov et al., 2022), and the application of artificial neural networks (ANNs) 
for data analysis and optimization (Hathout & Saharan, 2022). Additionally, machine learning 
algorithms, specifically Bayesian optimization, have been proposed to accelerate the design of 
biopharmaceutical formulations by efficiently identifying optimal conditions with minimal 
experiments required (Narayanan et al., 2021). These techniques enable systematic exploration of 
formulation parameters, leading to the production of pharmaceutical products with desired 
properties and high quality while minimizing risks associated with degradation processes. 
Optimization techniques play a crucial role in saving time and bringing profits to the pharmaceutical 
industry (S. Wang et al., 2022). 

C. Molecular Modeling in Investigating Structural and Energetic Aspects 
Molecular modeling techniques, such as computer-assisted drug design (CADD) and molecular 

mechanics, play a crucial role in investigating structural and energetic aspects in pharmaceutics. 
These methods provide detailed insights into the atomic-level description of molecular systems, 
allowing for the study of biological, inorganic, and polymeric systems (Umashankar & Gurunathan, 
2011). By utilizing quantum mechanical (QM) or first-principles-based methods, molecular modeling 
can offer information on the structural, dynamical, mechanistic, and electronic properties of 
biological systems relevant to drug design (Douroumis et al., 2015). The Born-Oppenheimer 
approximation in molecular mechanics enables the calculation of molecular structures and energies 
based on nuclear motions, separating the study of nuclear motions, vibrations, and rotations from 
electron movements (Ouyang & Smith, 2015). Overall, molecular modeling aids in understanding 
drug delivery mechanisms, developing new drug delivery systems, and facilitating rational drug 
design in the pharmaceutical field. 

Molecular modeling has offered valuable insights into pharmaceutical formulations by 
elucidating key molecular mechanisms. It has been instrumental in understanding drug delivery 
systems, such as nanoscale vehicles' behavior in the bloodstream, drug loading, controlled release, 
and nanoparticle interactions with membranes (Bunker & Róg, 2020). Additionally, computational 
approaches have been pivotal in investigating excipient-protein interactions to enhance the stability 
of protein-based therapeutics over extended periods (Pandya et al., 2018). These simulations predict 
formulation properties, reducing the need for extensive experimental testing, and provide detailed 
molecular insights beyond experimental capabilities (Katiyar & Jha, 2018). Furthermore, molecular 
modeling techniques have been applied to various drug delivery systems, including cyclodextrins, 
liposomes, and polymeric systems, aiding in the design and development of novel pharmaceutical 
formulations (Douroumis et al., 2015; Ouyang & Smith, 2015). 

D. Process Modeling for Numerical Simulation in Manufacturing 
Process modeling as shown in Figure 2 plays a crucial role in numerical simulation within 

pharmaceutical manufacturing by enhancing process understanding, reducing experimentation 
costs, improving product quality, and enabling process control (Russell & Capece, 2022). It allows for 
the development of accurate simulation models that consider various unit operations, material 
aĴributes, and operating variables (Z. Wang et al., 2019; Yeom et al., 2019). Through mechanistic 
modeling tools like the discrete element method (DEM), simulations can provide insights into 
powder behavior, particle interactions, and process dynamics, particularly in processes like milling, 
blending, granulation, and coating (Arastoopour et al., 2022). Additionally, computational fluid 
dynamics (CFD) approaches aid in the design, scale-up, and optimization of pharmaceutical drying 
processes, leading to increased production efficiency and reduced costs (Z. Wang & Ierapetritou, 
2018). Overall, process modeling in pharmaceutical manufacturing facilitates scientific 
understanding, quality control, and optimization of manufacturing processes. 
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Figure 2. Process Modeling for Pharmaceutical Manufacturing. 

Process modeling for numerical simulation has been successfully applied in various aspects of 
pharmaceutical manufacturing. For instance, data-driven modeling methods have enabled accurate 
modeling for drug molecular design, retrosynthetic analysis, and manufacturing process 
optimization (Dong et al., 2023). Mechanistic models, such as the discrete element method (DEM), 
have been utilized for powder-related processes like milling, blending, granulation, and coating, 
enhancing process understanding and control (Dong et al., 2023; Russell & Capece, 2022). 
Multivariable modeling techniques have been employed in tablet manufacturing to optimize 
processes, monitor quality aĴributes, and improve process control, especially in continuous 
manufacturing seĴings (Shi et al., 2021). Additionally, simulation modeling frameworks have been 
developed for pharmaceutical tablet manufacturing processes via wet granulation, aiding in process 
design, analysis, and optimization for improved product quality (Yeom et al., 2019). These examples 
showcase the diverse applications and benefits of process modeling in pharmaceutical 
manufacturing. 

E. Physiologically Based Pharmacokinetic (PBPK) Modeling for Predicting PK/PD 
PBPK modeling plays a crucial role in predicting the pharmacokinetic/pharmacodynamic 

behavior of pharmaceutical formulations (Deepika & Kumar, 2023; Denninger et al., 2023; 
Elmokadem et al., 2023). By integrating in vitro dissolution data with PBPK tools, such as PK-Sim 
and GastroPlus®, accurate predictions of human pharmacokinetics can be achieved. These models 
are recognized by regulatory authorities for predicting organ concentration-time profiles, daily intake 
doses, and various population-specific responses. Additionally, PBPK models can be extended to 
cover sensitive populations and specific compartments like cerebrospinal fluid, enhancing the 
understanding of xenobiotic disposition in different sub-parts of the body. Furthermore, the 
incorporation of Bayesian tools in PBPK modeling allows for the quantification of uncertainty in 
model parameters, improving the accuracy of predictions. Overall, PBPK modeling aids in 
optimizing drug development, risk assessment, toxicity evaluation, and various other aspects of 
pharmaceutical research (Krstevska et al., 2022). 

Physiologically Based Pharmacokinetic (PBPK) modeling has made significant strides in 
pharmaceutics. PBPK models aid in predicting organ concentration-time profiles, pharmacokinetics, 
and daily intake doses of xenobiotics (Conolly et al., 2023; Lancheros Porras et al., 2024). These models 
have been extended to encompass sensitive populations like pediatric, geriatric, and pregnant 
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individuals, enhancing their applicability (Deepika & Kumar, 2023). PBPK modeling facilitates the 
development of quantitative adverse outcome pathways for various toxicological endpoints, such as 
developmental neurotoxicity and hepatotoxicity, contributing to toxicity assessments (Denninger et 
al., 2023). Additionally, PBPK models coupled with in vitro dissolution techniques offer a promising 
approach to predict the in vivo performance of drug candidates, aiding in formulation development 
and optimizing drug delivery strategies. Overall, PBPK modeling serves as a valuable tool in 
pharmaceutical research, enabling more accurate predictions and informed decision-making. 

F. Contribution of Artificial Intelligence (AI) and Machine Learning Algorithms 
AI and machine learning algorithms play crucial roles in computational pharmaceutics by aiding 

in drug development, formulation, and testing (Borkotoky et al., 2022; Quazi & Fatima, 2023; Vora et 
al., 2023). These technologies analyze biological data to identify disease-associated targets, predict 
drug interactions, and optimize research processes, leading to more efficient drug discovery and 
increased chances of successful approvals (Đuriš et al., 2021). Machine learning tools help in 
analyzing large datasets generated by Process Analytical Technologies, providing a beĴer 
understanding of pharmaceutical formulations and processing (Srivastava, 2022). Additionally, AI 
enhances the prediction of pharmacokinetics, toxicity, and drug properties, facilitating the design of 
more effective and safer therapeutics. Overall, the integration of AI and machine learning in 
computational pharmaceutics accelerates drug development, improves productivity, and enhances 
clinical trials. 

AI and machine learning have significantly optimized formulations, reduced costs, and 
preserved expert knowledge in various domains. In pharmaceuticals, AI/ML applications have 
enhanced drug product formulation and process development, leading to more efficient and 
automated processes (Chavda, 2023). Additionally, in the field of biopharmaceutical formulations, 
Bayesian optimization algorithms have accelerated the design process by efficiently transferring 
historical information as prior knowledge, enabling the engineering of multiple biophysical 
properties simultaneously while minimizing risks associated with degradation processes (De Paola 
& Danger, 2023). Moreover, in the context of automated machine learning (AutoML), leveraging 
historical performance data to reduce the search space for ML pipelines has shown promising results 
in improving ML outcomes and optimizing configuration-space culling strategies (Narayanan et al., 
2021). These advancements showcase how AI and ML algorithms have revolutionized optimization, 
cost reduction, and knowledge preservation in various industries. 

III. Current Problems in AI Application in Pharmaceutics 
A. Lack of Sufficient Data and Challenges in Data Sharing 

The challenges faced due to the lack of sufficient data in AI applications in computational 
pharmaceutics include compromised performance of AI systems (Patil et al., 2023), potential missing 
of crucial details due to the vast amount of available data (Liang et al., 2022), and the inability to fully 
utilize large-scale data with traditional statistical analysis methods (Shanbhogue et al., 2021). These 
challenges hinder the efficiency and accuracy of drug development processes, leading to delays, 
increased costs, and potential failures at clinical and marketing levels. To address these issues, 
advanced AI algorithms such as machine learning and deep learning are being employed to analyze 
data and improve decision-making in pharmaceutical research and application (W. Zhou et al., 2021). 
Despite these challenges, continued investment and development in AI have the potential to 
significantly enhance drug development processes and improve patient outcomes (Li et al., 2022). 

Current challenges in data sharing and privacy protection in computational pharmaceutics 
include difficulties in safeguarding data integrity, privacy, and ownership (Chen et al., 2023), 
regulatory and institutional challenges in addressing data breaches and misuse, and the evolving 
landscape of data collection and privacy laws (Dankar, 2023). To address these challenges, a data-
sharing privacy protection model (DS2PM) based on blockchain and federated learning mechanisms 
has been proposed, showing superior performance in ensuring data security and integrity. 
Additionally, the implementation of unified data protocols, interoperable health data transfer 
regimes, and clear regulations on data flows can contribute significantly to enhancing data protection 
and sharing practices in computational pharmaceutics. By adopting best practices and transparent 
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research access frameworks, the field can navigate the complexities of data sharing while upholding 
privacy standards. 

B. Need for Interpretable Machine Learning Methods 
The current challenges in developing interpretable machine learning methods for 

pharmaceutical applications include the difficulty in understanding the internal logic of black-box 
models, especially in medical datasets with issues like imbalanced classes and missing data (Y. Wang 
& Tuerhong, n.d.). Researchers are addressing these challenges by introducing prototype-based 
interpretable models capable of handling such issues while maintaining transparency and 
performance, even proposing strategies to combine the interpretability of these models with the 
power of ensembles (Ghosh et al., 2022). Additionally, the study of interpretability in machine 
learning, particularly in the context of multimedia computing, has gained significant interest due to 
the black-box nature of contemporary ML models like deep neural networks, with a focus on 
applications such as text-image cross-modal representation learning and face recognition (Gao & 
Guan, 2023). 

C. Addressing the High Cost and Lengthy Research Time in Pharmaceutical Experiments 
The high cost and lengthy research time in pharmaceutical experiments are primarily influenced 

by various factors. These include the complexity of studies, increased regulatory oversight, high 
aĴrition rates of candidates, and late-stage failures in clinical studies (Light & Warburton, 2011; 
Poduri, 2021). Additionally, challenges such as the need to meet regulatory requirements, potential 
toxicity of new chemicals, and the time-consuming development process significantly impact 
research efforts and costs (Conway, 1993; Michielan & Moro, 2010). Moreover, the shift towards 
studying more complex diseases, escalating clinical trial sizes and costs, and the late identification of 
failures during clinical studies contribute to the economic burden faced by pharmaceutical companies 
(Polasek & Schuck, 2023). Overall, these factors collectively drive up the expenses and extend the 
duration of pharmaceutical research endeavors, posing significant challenges to the industry. 

Current computational methods in pharmaceutics aim to address challenges like study 
complexity, regulatory oversight, candidate aĴrition, and late-stage clinical failures. These methods 
include in silico modeling for toxicity prediction (Tugcu et al., 2023), computational support for drug 
development workflows (Abramov et al., 2022; Tugcu et al., 2023), in silico trials for regulatory 
evaluation (Jose et al., 2022), prediction of genotoxic impurities and off-target pharmacology (Brigo 
et al., 2022), and computer simulations for drug design and mechanism of action insights (Adhikary 
& Basak, 2020). By leveraging these approaches, the pharmaceutical industry can enhance efficiency, 
reduce costs, and improve decision-making processes throughout the drug development lifecycle, 
ultimately contributing to the development of safer and more effective medicinal products. 

IV. Future Scenarios in Computational Pharmaceutics 
A. Paradigm Shift in Drug Delivery Development with QbD Strategy 

The Quality by Design (QbD) strategy is poised to revolutionize drug delivery development by 
enhancing product quality, reducing side effects, and improving therapeutic effectiveness (D. Patil et 
al., 2023; Song, 2023; Vipanchi et al., 2023). QbD involves a comprehensive approach, focusing on risk 
assessment, critical material aĴributes (CMAs), and critical process parameters (CPPs) to ensure 
exceptional quality without extensive regulatory burden (Jupally et al., 2023; Mehrotra et al., 2023). 
By integrating QbD principles into pharmaceutical processes and analytical development, the 
industry can achieve beĴer quality medicines throughout the product lifecycle. QbD not only 
improves efficiency and consistency in manufacturing but also leads to rapid production, cost 
savings, enhanced knowledge, robustness, and reduced uncertainty, ultimately benefiting 
pharmaceutical industrialists and meeting regulatory standards. The future of drug delivery 
development will be shaped by QbD's ability to optimize formulations, control manufacturing 
variables, and ensure high-quality, targeted drug delivery systems. 

Quality by Design (QbD) in pharmaceuticals emphasizes the integration of process 
understanding by incorporating advanced analytical techniques, manufacturing technologies, and 
Quality Risk Management (QRM) principles (PazhayaĴil et al., 2023). QbD ensures pharmaceutical 
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quality by controlling critical product and process parameters through advanced analytical 
techniques like spectroscopy and chromatography (Babar et al., 2022). It shifts from traditional 
Quality by Testing (QbT) to a scientific approach, focusing on understanding and controlling 
formulation and manufacturing variables to assure product quality (Kharb & Rathore, 2022). QbD 
involves defining Quality Target Product Profile, identifying critical quality aĴributes, establishing 
design space, and implementing a control strategy to ensure predefined product quality (Jagtap et 
al., 2022). This systematic approach aligns with regulatory guidelines, enhances process 
reproducibility, and allows for flexibility in adapting to changes in process parameters while 
maintaining product quality (Hocharoen et al., 2021). 

B. Acceleration of Drug Production through Continuous Manufacturing 
Computational pharmaceutics plays a crucial role in facilitating the transition towards 

continuous manufacturing in the pharmaceutical industry. Tools like PharmaPy enable the digital 
design of optimized manufacturing routes, covering batch, continuous, and hybrid systems, thus 
supporting quality-by-design (QbD) principles (Nambiar et al., 2022). Additionally, the development 
of digital twins using hybrid multizonal compartment models and adaptive strategies addresses 
challenges specific to continuous pharmaceutical manufacturing, such as integrating multi-scale 
information and adapting to operational changes (Laky et al., 2022). Furthermore, the application of 
computational tools, including molecular modeling techniques and data science advancements, 
accelerates research on amorphous solid dispersions (ASDs), which are suitable for continuous 
manufacturing due to their ease of production and avoidance of multiple excipients (Ouranidis et al., 
2021). These advancements in computational pharmaceutics enhance process understanding, quality 
assurance, and resource optimization, driving the industry towards continuous manufacturing. 

The implementation of Process Analytical Technology (PAT) systems significantly enhances the 
efficiency and speed of drug production through continuous manufacturing. PAT tools enable real-
time monitoring and control of critical process parameters, leading to improved product quality and 
reduced material wastage (McDermoĴ, 2023; Williams et al., 2023; Xiong et al., 2023). By utilizing PAT 
systems, pharmaceutical companies can optimize bioprocessing operations, such as cell culture 
monitoring and metabolic activity assessment, resulting in increased productivity and process 
robustness (Kumari et al., 2023; Thakur et al., 2022). Additionally, the application of PAT in traditional 
Chinese medicine manufacturing facilitates quality control, process understanding, and continuous 
improvement throughout the product life-cycle, ultimately enhancing production efficiency and 
product quality. Overall, the integration of PAT systems in continuous manufacturing not only 
ensures consistent quality but also enables adaptive process control for rapid optimization and 
enhanced performance of drug production processes. 

C. Integration of Modeling Methods for Enhanced Process Understanding 
The integration of modeling methods in pharmaceutics can significantly enhance process 

understanding by providing a comprehensive digital representation of the real system. Mechanistic 
models based on fundamental physical laws and empirical data can identify dependencies between 
process parameters and critical quality aĴributes, aiding in the design of a holistic control strategy 
(Dong et al., 2023). Hybrid modeling, which combines process knowledge with data-driven insights, 
is particularly valuable in resource-intensive industries like biopharmaceuticals, enabling the 
optimization of processes throughout development and manufacturing (Russell & Capece, 2022). 
Additionally, process simulation using tools like the discrete element method (DEM) can improve 
product quality, reduce experimentation costs, and enhance process understanding in 
pharmaceutical manufacturing processes such as milling, blending, granulation, and coating 
(Rischawy et al., 2022). 

The integration of modeling methods for enhanced process understanding offers significant 
benefits in in vitro and in vivo process simulation. By utilizing integrated mathematical models, 
mechanistic modeling, and system dynamics, a deeper insight into the behavior of chemical process 
systems, disease development mechanisms, and drug responses can be achieved (Stevanovic, 2023; 
Yazdanpanah, 2022). This approach aids in predicting system behavior, optimizing processes, and 
reducing the cost and time required for experimentation and technology transfer in chemical 
compound development (Erhardt et al., 2019). Moreover, the integration of in vitro-in vivo correlation 
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(IVIVC) models, incorporating nonlinear-mixed effects models and Bayesian frameworks, allows for 
reliable prediction of in vivo serum concentration-time courses based on in vitro data, supporting 
formulation changes without additional bioequivalence trials (Kargl et al., 2020). This comprehensive 
integration enhances process understanding and facilitates more efficient and effective simulations 
in both laboratory and clinical seĴings. 

D. Challenges and Strategies: Multi-Scale Modeling, Data Sharing, Experimental Methods, Talent Training, 
and Cultural Change 

Integrating multi-scale modeling in computational pharmaceutics faces several challenges. 
Decision makers in the pharmaceutical industry often exhibit reluctance towards adopting 
quantitative systems pharmacology (QSP) computational modeling, hindering the broader 
application of disease modeling (Gieschke & Carr, 2022). The complexity of multi-scale 
spatiotemporal processes and feedback mechanisms necessitates advanced modeling methods 
(Butner et al., 2023). Generic frameworks for multi-scale modeling are still lacking, posing a challenge 
to the scientific community (Chopard et al., 2018). Scarce exposure data, the emergence of biological 
therapeutics, and determining the impact of proteins on drug efficacy present additional hurdles in 
designing mathematical models for drug discovery (Niklas et al., 2013; Peletier & Gabrielsson, 2015). 
Validated kinetic models at the cellular level are crucial for accurate predictions in drug development, 
highlighting the importance of detailed organ models and efficient multi-scale models (Niklas et al., 
2013). 

Data sharing in computational pharmaceutics can be enhanced by leveraging blockchain 
technology (Albalwy et al., 2022), modern cryptographic tools (BarreĴ, 2022), and self-enforcing data 
sharing platforms (Hie et al., 2018). These solutions address challenges related to data ownership and 
privacy by ensuring secure and equitable access to genomic data, maintaining confidentiality of 
underlying drugs and targets (Ding et al., 2020), and providing services guaranteeing data protection 
between owners and collectors. Additionally, establishing unified data protocols, interoperable 
health data transfer regimes, and open health initiatives can further contribute to overcoming 
regulatory and institutional challenges in data sharing. By implementing these innovative 
technologies and frameworks, the pharmaceutical industry can advance collaboration efforts, 
improve data sharing practices, and foster more effective and cooperative biomedical research. 

High-throughput and automatic experimental methods can significantly accelerate 
computational pharmaceutical approaches by streamlining processes and enhancing efficiency. 
These methods, such as native mass spectrometry (native MS) for experimental validation (M. Zhou 
et al., 2022), High Throughput Experimentation (HTE) for diverse screenings (Allen et al., 2022), and 
the merger of HTE with data science for predictive modeling (J. Xu et al., 2022), enable rapid data 
generation and analysis. By combining computational predictions with automated experimental 
workflows, researchers can expedite the design and testing of enzyme inhibitors and drug 
compounds. Leveraging parallel optimization techniques like multi-core CPU usage for drug 
screening further enhances the speed and accuracy of high-throughput processes (H. Zhou, 2023). 
Overall, the integration of high-throughput and automatic experimental methods optimizes 
pharmaceutical research pipelines, leading to faster drug discovery and development. 

Current computational science training programs often focus on scientific programming 
fundamentals like numerical algorithms and parallel programming techniques (Bisbal, 2019). In 
contrast, pharmaceutics training programs may lack alignment with industry needs, leading to gaps 
in practical skills and knowledge required for pharmaceutical roles (Ab & Ambos, 2000; Balakrishnan 
et al., 2020). The pharmaceutical industry faces challenges in finding candidates with expertise in 
areas like solid phase synthesis, computational chemistry, and informatics (Balakrishnan et al., 2018). 
Both academia and industry professionals agree on the necessity of training programs to bridge these 
skill gaps and enhance graduates' employability in the pharmaceutical sector (Saunders et al., 2020). 
To address these issues, a collaborative approach between academia and industry is recommended, 
incorporating practical experiences, case studies, training programs, and industry-aligned curricula. 

To fully embrace computational techniques in the pharmaceutical industry, significant cultural 
changes are essential. These changes include shifting mindsets towards accepting the predictive 
power of simulations in drug discovery (Hariry & Barenji, 2023), implementing robust data strategies 
that incorporate advanced analytics and machine learning algorithms, and adapting to digital 
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transformations that encourage the use of new technologies like 3D printing and precision medicine 
(Yang, 2022). Additionally, the industry needs to prioritize innovation through research and 
development while ensuring compliance with evolving technological advancements (Edwards et al., 
2021; Yang, 2022). Embracing a patient-centric approach and changing existing regulatory policies 
are also crucial cultural shifts required to leverage the benefits of artificial intelligence and big data 
in drug development (Maithani et al., 2022). 

Conclusions 
Computational pharmaceutics, which involves the integration of artificial intelligence and multi-

scale modeling, brings about a significant transformation in the drug discovery and development 
processes by leveraging advanced technologies and methodologies. The Quality by Design (QbD) 
strategy plays a crucial role in elevating the overall product quality and therapeutic effectiveness 
within the realm of drug delivery development, emphasizing a proactive and systematic approach to 
ensuring desired outcomes. Quantum computing, as a cuĴing-edge technology, holds immense 
potential in streamlining computational costs associated with simulating intricate protein-drug 
interactions, thereby contributing to an enhanced efficiency in drug development processes through 
optimized algorithms and processing capabilities. The utilization of artificial intelligence in the field 
of pharmaceutics empowers researchers and scientists to create detailed models and conduct 
simulations of complex biological networks, thus expediting the pace of drug discovery processes 
and enabling a deeper understanding of underlying mechanisms. Within the pharmaceutical 
industry, quantum computing introduces a novel multilayer embedding approach that paves the way 
for a multitude of future applications and innovations, showcasing the intersection of quantum 
principles with traditional pharmaceutical practices to drive advancements in drug development. 
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