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The increasing global burden of disease, rising research and development costs, and high attrition rates in pharmaceutical pipelines underscore the need for more efficient approaches to therapeutic development and drug safety monitoring. Artificial intelligence (AI) and machine learning (ML) have emerged as data-driven tools with the potential to improve multiple stages of the pharmaceutical lifecycle.
This narrative review is designed to provide a structured and critical overview of the use of AI and ML in drug discovery and drug safety surveillance. A comprehensive literature search was performed to identify relevant studies using major electronic databases, with emphasis on publications from 1997 to March 2025. The studies were selected based on the inclusion criteria.
The findings of the study show that AI and ML are being used in drug discovery, drug development, and drug safety surveillance. These technologies have the potential to provide predictive models, integrate heterogeneous biomedical data, and analyze real-world data to detect adverse drug reactions. Deep learning and natural language processing have been found to be useful tools to improve early risk detection.
However, some limitations have also been found. These include the quality of the data, bias in AI and ML models, lack of interpretability of AI and ML models, lack of external validation, and lack of real-world implementation. These limitations need to be addressed to make AI and ML more useful tools for drug discovery and drug safety surveillance.
Overall, while AI and ML offer meaningful opportunities to enhance drug discovery and pharmacovigilance, their impact remains dependent on rigorous validation, improved data governance, and alignment with clinical and regulatory frameworks. Continued research and context-specific implementation strategies will be essential to support their effective and equitable integration into pharmaceutical research and healthcare systems
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1. Introduction
Drug discovery and development remain among the most complex, time-intensive, and resource-demanding processes in modern science. The transition from initial discovery to regulatory approval typically spans between 10 and 15 years and incurs costs amounting to billions of dollars. Despite these substantial investments, overall success rates from preclinical development to market approval remain below 10% (Dara et al., 2022). The primary causes of failure include inadequate efficacy, toxicity, unfavorable pharmacokinetic properties, insufficient target validation, and limitations in clinical trial design (Dara et al., 2022). These challenges contribute significantly to increasing drug prices and delayed access to novel therapies, particularly in low- and middle-income countries.
At the same time, pharmacovigilance systems are becoming increasingly complex in the post-marketing phase. The growing prevalence of polypharmacy, aging populations, biologic therapies, and personalized medicine has introduced new safety concerns that conventional pharmacovigilance approaches may not detect promptly (Harpaz et al., 2012). Although spontaneous reporting systems remain essential, their effectiveness is often limited by under-reporting, reporting bias, and delays in identifying safety signals (Harpaz et al., 2012).
Artificial intelligence, broadly defined as computational systems capable of performing tasks that typically require human intelligence, and machine learning, a subset focused on identifying patterns from data, offer transformative opportunities across the pharmaceutical continuum (Rajkomar et al., 2019). Advances in computational power, increased availability of large-scale biomedical datasets, including electronic health records, and improvements in algorithmic design have accelerated the adoption of artificial intelligence in pharmaceutical sciences beyond traditional experimental approaches (Rajkomar et al., 2019).
Artificial intelligence technologies enable the analysis and integration of complex datasets such as genomics, proteomics, chemical libraries, clinical data, and scientific literature. These capabilities facilitate the identification of novel therapeutic targets, the design of optimized molecules, the prediction of biological activity, and improved decision-making in clinical development (Dara et al., 2022). In pharmacovigilance, artificial intelligence supports the analysis of large-scale real-world data sources, including electronic health records, insurance claims, and patient-generated data, enabling earlier and more accurate detection of safety signals compared with conventional statistical methods (Y. Li et al., 2024).
Given the urgent need to enhance efficiency, reduce costs, and improve patient safety, the integration of artificial intelligence into drug discovery and pharmacovigilance represents a significant paradigm shift with far-reaching implications for global health (B. Li et al., 2024). This review provides a comprehensive and critical evaluation of current applications, established benefits, key limitations, and future directions in artificial intelligence-driven pharmaceutical innovation.
The integration of artificial intelligence across the pharmaceutical lifecycle involves multiple interconnected stages, ranging from early drug discovery to post-marketing safety monitoring. A conceptual overview of these interactions and data flows is presented in Figure 1.
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Figure 1. Conceptual framework illustrating the integration of artificial intelligence and machine learning across drug discovery and pharmacovigilance






2. Methodology 

2.1 Study Design
This study was undertaken with the aim of carrying out a comprehensive and critical synthesis of existing literature on the use of artificial intelligence and machine learning in drug discovery and pharmacovigilance. A narrative approach was undertaken to allow the integration of studies with varying designs, ranging from experimental studies to clinical, computational, and regulatory studies.
2.2 Literature Search Strategy
A structured literature search was carried out through various electronic databases, such as PubMed, Scopus, Web of Science, and IEEE Xplore, among others. The search covered publications from 1997 to March 2025.
The choice of dates for the literature search was based on ensuring early foundational studies in artificial intelligence and machine learning were captured, while also including recent studies in pharmaceutical applications.
Search terms were developed based on the scope of this review and consisted of a combination of the following keywords: “artificial intelligence,” “machine learning,” “deep learning,” “drug discovery,” “pharmacovigilance,” “adverse drug reactions,” “signal detection,” “clinical trials,” and “real world data.” Boolean operators such as AND and OR were also used.
In addition, a manual search through reference lists from relevant studies was also carried out to obtain additional relevant studies.
Greater has been given to recent studies from 2018 to 2025 to reflect recent developments, while foundational studies from 1997 to 2017 were also considered when necessary to give a conceptual overview.
2.3 Study Selection and Eligibility Criteria
The inclusion criteria consisted of peer-reviewed articles, methodological studies, and policy or regulatory analyses that focused on the application of artificial intelligence in drug discovery and pharmacovigilance, with emphasis on methodological approaches, practical application, and policy or regulatory implications.
The exclusion criteria consisted of preclinical studies, animal studies, opinion articles, and articles that did not have sufficient methodological detail and relevance to the application of artificial intelligence in drug discovery and pharmacovigilance, as well as articles that did not have sufficient relevance to the pharmaceutical and drug safety fields.
The articles were filtered and selected using an initial evaluation of the articles' titles and abstracts, and then filtered further using the articles' relevance to the application of artificial intelligence in drug discovery and pharmacovigilance.
2.4 Data Extraction and Synthesis
Relevant data from the selected studies were extracted and grouped under thematic categories related to the objectives of the review, such as processes in drug discovery, clinical development, and pharmacovigilance.
The qualitative synthesis approach was used to compare and assess the studies, and different approaches were adopted to assess the studies, with a focus on those with implementation, validation, and clinical or regulatory relevance.
2.5 Critical Appraisal
Given the narrative design,  formal quantitative quality assessment tools were not applied. However, the works were critically assessed with regard to the rigor of the methods applied, the quality of the data presented, the methods of validating the works, and the applicability of the works.
Particular attention was given to the limitations of the works with regard to the bias of the datasets presented, the lack of external validation of the works, and the gap between the predictions and the actual clinical application of the works.
2.6 Limitations of the Methodology
This review also has some limitations. Although the structured search strategy was used, the narrative method might have introduced  some bias. Moreover, the restriction to English-language journals might have resulted in some studies being excluded. Finally, the fast-paced nature of research in artificial intelligence means that some recent advances might have been missed.


3.1 Overview of Artificial Intelligence and Machine Learning in Pharmaceutical Research

Artificial intelligence has become an integral component of modern healthcare and pharmaceutical research, encompassing a wide range of computational techniques that enable machines to perform tasks such as learning, reasoning, pattern recognition, and decision-making (Dara et al., 2022). In the context of pharmaceutical sciences, artificial intelligence extends beyond automation to support complex analytical processes involved in drug discovery, development, and safety monitoring.

In healthcare, artificial intelligence is applied in clinical diagnosis, prognosis prediction, treatment selection, healthcare system management, and biomedical research (Rajkomar et al., 2019). Within pharmaceutical research, its applications include drug design, optimization of therapeutic regimens, clinical decision support, supply chain management, and pharmacovigilance activities (B. Li et al., 2024). 

These applications are driven by the increasing availability of large-scale biomedical datasets and advances in computational infrastructure.
Machine learning, a core subset of artificial intelligence, focuses on the development of algorithms that learn patterns from data and generate predictions or decisions without explicit rule-based programming. Machine learning models are particularly effective in analyzing high-dimensional, non-linear, and heterogeneous biomedical data, which are common in pharmaceutical research (B. Li et al., 2024). This capability enables the identification of complex relationships between biological, chemical, and clinical variables that are difficult to capture using traditional statistical methods.

Modern artificial intelligence systems in pharmaceutical research integrate diverse data modalities, including numerical datasets, molecular structures, imaging data, genomic sequences, and unstructured textual information (Su et al., 2025). The integration of these heterogeneous data sources allows for a more comprehensive understanding of disease mechanisms and drug interactions, facilitating the discovery of novel therapeutic targets and improving predictive accuracy (Balendran et al., 2024).

Furthermore, the adoption of artificial intelligence has been accelerated by advancements in data storage, cloud computing, and high-performance computing, which enable the processing of large-scale datasets in real time. Despite these advantages, challenges related to data quality, interoperability, and standardization remain critical barriers to the effective implementation of artificial intelligence in pharmaceutical research (Balendran et al., 2024). Addressing these challenges is essential to ensure the reliability and reproducibility of artificial intelligence-driven insights.







3.2 Types of Machine Learning


Machine learning approaches applied in pharmaceutical research can be broadly categorized into supervised learning, unsupervised learning, reinforcement learning, and deep learning, each contributing uniquely to different stages of drug discovery and pharmacovigilance.

Supervised learning involves the use of labeled datasets to train models that can perform classification or regression tasks. In pharmaceutical research, this approach is widely used to predict drug efficacy, toxicity, pharmacokinetic properties, and clinical outcomes (Dara et al., 2022). Common algorithms within this category include random forests, gradient boosting machines, support vector machines, and neural networks. These models are particularly valuable in scenarios where historical data with known outcomes are available, enabling the development of predictive systems with measurable performance.

Unsupervised learning, in contrast, operates on unlabeled datasets to identify hidden patterns, clusters, or structural relationships within the data. This approach is especially useful in exploratory data analysis, where the objective is to uncover previously unknown biological or clinical insights. In pharmaceutical research, unsupervised learning has been applied to classify disease subtypes, identify novel molecular scaffolds, and detect patterns of adverse drug reactions that may not be apparent through traditional analytical methods (Y. Li et al., 2024). By revealing latent structures in complex datasets, unsupervised learning supports hypothesis generation and early-stage discovery.

Reinforcement learning represents a distinct paradigm in which algorithms learn optimal decision-making strategies through interaction with an environment, guided by reward signals. This approach has gained increasing attention in pharmaceutical applications, particularly in de novo drug design, optimization of synthetic pathways, and adaptive clinical trial design (Zheng et al., 2024). Reinforcement learning enables the exploration of large and complex solution spaces, allowing models to iteratively improve their performance based on feedback, which is especially valuable in dynamic and uncertain environments.

Deep learning, a specialized subset of machine learning, utilizes multilayer artificial neural networks to model complex and high-dimensional data. It has demonstrated exceptional performance in tasks involving images, genomic sequences, and natural language processing (Bhati et al., 2023). Architectures such as convolutional neural networks, recurrent neural networks, graph neural networks, and transformer-based models are increasingly employed in pharmaceutical research. These models are particularly effective in capturing intricate relationships within molecular structures, biological networks, and clinical text data, thereby enhancing predictive accuracy and enabling large-scale data analysis.

Despite the significant advantages of these machine learning approaches, their effectiveness depends heavily on the availability of high-quality, representative datasets and appropriate model validation. Limitations such as overfitting, lack of interpretability, and potential bias in training data must be carefully addressed to ensure reliable and generalizable outcomes in pharmaceutical applications.

3.3 Typical AI algorithms in Pharmaceutical Research.

A variety of artificial intelligence algorithms have been successfully applied in pharmaceutical research due to their ability to model complex, non-linear relationships inherent in biological and chemical systems. The selection of appropriate algorithms depends on the nature of the data, the research objective, and the stage of the drug development process.

Random forest models are among the most widely used algorithms in pharmaceutical research, particularly in quantitative structure–activity relationship modeling. Their strength lies in their robustness, resistance to overfitting, and ability to capture non-linear relationships between molecular descriptors and biological activity (Dara et al., 2022). These characteristics make random forests particularly suitable for predicting drug efficacy, toxicity, and other pharmacological properties.

Support vector machines are also frequently employed, especially in high-dimensional datasets such as those generated in genomics and proteomics. Their effectiveness in handling complex feature spaces and maintaining strong generalization performance makes them valuable for classification and regression tasks in biomedical research. These models are often applied in disease classification, biomarker identification, and prediction of drug responses.

Artificial neural networks provide a flexible framework for modeling intricate interactions among biological, chemical, and clinical variables. They have been extensively used in predicting molecular properties, pharmacokinetic parameters, and clinical outcomes. Their ability to approximate complex functions enables them to capture relationships that may not be apparent through traditional statistical approaches.

More recently, deep learning architectures have further expanded the capabilities of artificial intelligence in pharmaceutical research. These models facilitate the analysis of chemical structures, biological networks, and large-scale biomedical text with high precision and scalability (Bhati et al., 2023). For instance, graph neural networks are particularly effective in representing molecular structures as graphs, allowing for improved prediction of molecular interactions and drug-target binding. Transformer-based models have also shown promise in processing unstructured biomedical text, enabling efficient extraction of knowledge from scientific literature and clinical records.

Despite their advantages, these algorithms are not without limitations. Their performance is highly dependent on the quality and representativeness of training data, and many models, particularly deep learning systems, suffer from limited interpretability. This lack of transparency can pose challenges for clinical adoption and regulatory approval. Consequently, there is increasing emphasis on the development of explainable artificial intelligence techniques to enhance trust and facilitate integration into pharmaceutical workflows (Bhati et al., 2023).

4.1 Applications of Artificial Intelligence in Drug Discovery: Target Identification and Validation

Target identification and validation represent critical early stages in the drug discovery process, as they determine the biological molecules or pathways that can be modulated to achieve therapeutic effects. Traditionally, these processes have relied heavily on experimental biology and hypothesis-driven approaches, which are often time-consuming, resource-intensive, and limited in scope (Réda et al., 2019). The integration of artificial intelligence has significantly enhanced the efficiency and accuracy of these stages by enabling large-scale data analysis and pattern recognition.

Artificial intelligence facilitates the integration of multi-omics datasets, including genomics, transcriptomics, proteomics, and metabolomics, allowing for a more comprehensive understanding of disease mechanisms and molecular interactions. By analyzing these heterogeneous datasets, artificial intelligence models can identify disease-associated genes, proteins, and pathways that may serve as potential therapeutic targets. This integrative approach provides a systems-level perspective that is difficult to achieve using conventional methods alone.

In addition, network-based analysis has emerged as a powerful tool for identifying key regulatory nodes within biological systems. Artificial intelligence algorithms can model complex biological networks and detect critical components whose modulation may produce significant therapeutic effects. These network-driven insights enable researchers to prioritize targets with higher biological relevance and therapeutic potential.

Artificial intelligence also improves the prediction of target druggability, which refers to the likelihood that a biological target can be modulated effectively by a drug. Machine learning models can evaluate structural, chemical, and biological features of targets to assess their suitability for therapeutic intervention. Furthermore, these models can predict potential off-target effects, thereby reducing the risk of adverse outcomes in later stages of development.

By enabling data-driven target identification and validation, artificial intelligence reduces reliance on trial-and-error approaches and accelerates the early phases of drug discovery. However, the reliability of these predictions depends on the quality and diversity of input data, and experimental validation remains essential to confirm computational findings (Réda et al., 2019).


4.2 Virtual Screening and Identification of Hits.

Early-stage drug discovery traditionally relies on high-throughput screening of large chemical libraries to identify compounds with potential biological activity. Although effective, these experimental approaches are resource-intensive, time-consuming, and costly, often requiring significant laboratory infrastructure (Dara et al., 2022). Artificial intelligence has transformed this process through the application of virtual screening techniques, which enable rapid computational evaluation of vast numbers of compounds.

Virtual screening uses artificial intelligence and machine learning models to predict key properties such as binding affinity, selectivity, and biological activity of chemical compounds. Structure-based approaches utilize three-dimensional information about target proteins to simulate molecular interactions and identify compounds with high binding potential. In contrast, ligand-based approaches rely on known active compounds to infer the properties of new molecules with similar characteristics. 

These complementary strategies allow for efficient exploration of chemical space and prioritization of promising candidates. The application of artificial intelligence significantly enhances the speed and efficiency of hit identification by reducing the number of compounds that require experimental validation. Machine learning models can analyze millions of compounds in a fraction of the time required for laboratory screening, thereby lowering costs and accelerating the discovery process. In addition, these models improve success rates by focusing experimental efforts on compounds with a higher probability of activity.

Recent advances in deep learning have further improved the performance of virtual screening methods. Models can now capture complex, non-linear relationships between molecular structure and biological activity, leading to more accurate predictions. However, despite these advantages, challenges remain, including the need for high-quality training data, limitations in accurately modeling protein flexibility, and potential biases in chemical datasets.
Overall, artificial intelligence-driven virtual screening represents a critical advancement in drug discovery, enabling more efficient identification of candidate molecules while reducing the reliance on costly experimental procedures (Dara et al., 2022).

4.3 De Novo Drug Design

De novo drug design represents a significant advancement in drug discovery, focusing on the generation of novel chemical entities with desired biological and physicochemical properties. Traditional approaches to drug design often rely on modification of existing compounds, which limits the exploration of chemical space. 

Artificial intelligence has transformed this process by enabling the generation of entirely new molecular structures through data-driven methodologies.
Generative artificial intelligence models, including variational autoencoders, generative adversarial networks, and reinforcement learning frameworks, have been widely applied in de novo drug design. These models learn the underlying patterns of chemical structures and can generate novel compounds that satisfy predefined criteria such as potency, selectivity, and favorable pharmacokinetic properties. By exploring previously uncharted regions of chemical space, artificial intelligence expands the pool of potential drug candidates beyond existing compound libraries.

Reinforcement learning approaches are particularly valuable in optimizing molecular design. In this framework, models iteratively modify chemical structures and receive feedback based on predefined reward functions, such as binding affinity or drug-likeness. This process enables the identification of optimized molecules that balance multiple objectives simultaneously, including efficacy, safety, and synthetic feasibility (Zheng et al., 2024).

Artificial intelligence-driven de novo design also allows for the incorporation of constraints related to synthetic accessibility and toxicity, thereby increasing the likelihood that generated compounds can be successfully developed into viable drugs. Furthermore, these approaches can significantly reduce the time required for lead identification compared to traditional methods.

Despite these advantages, several challenges remain. The quality of generated molecules depends heavily on the training data, and there is a risk of producing chemically unrealistic or non-synthesizable compounds. Additionally, the validation of generated molecules still requires experimental confirmation, which remains a critical step in the drug development process. Addressing these limitations is essential to fully realize the potential of artificial intelligence in de novo drug design.


4.4 Pharmacokinetics and Toxicity Optimization (ADMET)
One of the major causes of failure in late-stage drug development is the presence of unfavorable absorption, distribution, metabolism, excretion, and toxicity properties, collectively referred to as ADMET (Dara et al., 2022). These factors are critical determinants of a drug’s safety and efficacy, and inadequate evaluation at early stages often leads to costly failures during clinical trials. Artificial intelligence has significantly improved the ability to predict and optimize ADMET properties during the early phases of drug discovery.

Machine learning models are widely used to predict pharmacokinetic parameters based on molecular structure and physicochemical properties. These models can estimate key characteristics such as oral bioavailability, metabolic stability, plasma protein binding, and clearance rates. By identifying compounds with suboptimal pharmacokinetic profiles early in the development process, artificial intelligence helps reduce the progression of high-risk candidates into expensive clinical trials.

In addition to pharmacokinetics, artificial intelligence plays a crucial role in toxicity prediction. Models can assess potential adverse effects such as hepatotoxicity, cardiotoxicity, genotoxicity, and drug–drug interactions. For example, predictive models can evaluate the likelihood of compounds interacting with critical biological targets such as ion channels or metabolic enzymes, which are commonly associated with safety risks. Artificial intelligence can also be used to predict blood–brain barrier permeability, which is essential for drugs targeting the central nervous system.

The integration of artificial intelligence into ADMET evaluation allows for a more comprehensive and efficient assessment of drug candidates, enabling simultaneous optimization of multiple properties. This multi-parameter optimization is particularly valuable in balancing efficacy and safety, which are often competing objectives in drug development.

Despite these advancements, challenges remain in accurately modeling complex biological processes and ensuring the generalizability of predictive models. The reliability of artificial intelligence predictions depends on the availability of high-quality experimental data, and inaccuracies in training datasets can lead to misleading results. Therefore, while artificial intelligence enhances early-stage screening, experimental validation remains essential to confirm predicted pharmacokinetic and toxicity profiles (Dara et al., 2022).

A more rapid and less risky innovation route is the drug repurposing, which describes the new therapeutic application of currently-available medicines (D. Paul et al., 2021). AI combines clinical records, real-world evidence, and molecular data in order to detect unexpected relationships between drugs and diseases. Repurposed medications have mainly been useful in times of new outbreaks of various health conditions as swift therapeutic implementation is paramount.




4.5 Drug Repurposing

Drug repurposing, also referred to as drug repositioning, involves identifying new therapeutic uses for existing or previously approved drugs. This approach has gained increasing attention as a cost-effective and time-efficient alternative to traditional drug discovery, as it leverages compounds with already established safety profiles (D. Paul et al., 2021). Artificial intelligence has significantly enhanced the potential of drug repurposing by enabling the integration and analysis of large-scale biomedical and clinical datasets.

Artificial intelligence methods can analyze diverse data sources, including molecular data, clinical records, electronic health records, and real-world evidence, to uncover previously unrecognized relationships between drugs and diseases. Machine learning models are capable of identifying patterns in these datasets that suggest potential therapeutic effects beyond a drug’s original indication. This data-driven approach allows for systematic and scalable identification of repurposing opportunities that would be difficult to detect through conventional methods.

Network-based approaches are commonly used in artificial intelligence-driven drug repurposing. These methods model interactions among drugs, targets, and diseases, enabling the identification of connections that may indicate potential therapeutic benefits. For instance, shared molecular pathways or gene expression profiles between different diseases can suggest that a drug effective for one condition may also be beneficial for another.

Drug repurposing has proven particularly valuable in responding to emerging public health challenges, where rapid identification of therapeutic options is essential. Artificial intelligence has been used to analyze existing pharmacological data and prioritize candidate drugs for further investigation, thereby accelerating the transition to clinical testing (D. Paul et al., 2021).

Despite its advantages, drug repurposing also presents challenges. The effectiveness of artificial intelligence models depends on the availability and quality of integrated datasets, and there is a risk of generating false-positive associations. Furthermore, even when a repurposing candidate is identified, clinical validation is required to confirm efficacy and safety in the new indication. Nonetheless, artificial intelligence-driven drug repurposing remains a promising strategy for improving the efficiency of therapeutic development.


4.6 Clinical trial design and optimisation 

Clinical trials represent one of the most resource-intensive and time-consuming stages of drug development, with a significant proportion of studies failing due to challenges such as inadequate patient recruitment, poor study design, and insufficient patient stratification (Dara et al., 2022). These limitations contribute to increased development costs and delays in bringing effective therapies to market. Artificial intelligence has emerged as a powerful tool for improving the efficiency and success rates of clinical trials.

Artificial intelligence can analyze large-scale electronic health records and other clinical datasets to identify eligible participants for clinical studies. By applying machine learning algorithms to patient data, it is possible to match individuals to trials based on specific inclusion and exclusion criteria, thereby improving recruitment efficiency and reducing delays. This approach also enhances diversity in trial populations by identifying underrepresented patient groups.
In addition, machine learning models enable more precise patient stratification by identifying subpopulations that are more likely to respond to a given treatment. This supports the development of personalized medicine approaches and increases the likelihood of detecting treatment effects during clinical trials (Rajkomar et al., 2019). Improved stratification also reduces variability within study populations, thereby enhancing statistical power and trial outcomes.

Artificial intelligence also facilitates adaptive clinical trial designs, in which study parameters can be modified based on interim results without compromising scientific validity. These adaptive approaches allow for real-time optimization of dosing strategies, patient selection, and trial endpoints, ultimately reducing the duration and cost of clinical development (Esteva et al., 2019).

Furthermore, predictive analytics can be used to anticipate potential trial risks, such as dropout rates or adverse events, enabling proactive management and improved study execution. Despite these advantages, the integration of artificial intelligence into clinical trials requires careful consideration of data privacy, regulatory compliance, and ethical standards.

Overall, the application of artificial intelligence in clinical trial design and optimization enhances efficiency, improves patient selection, and increases the likelihood of successful outcomes, thereby addressing key challenges in pharmaceutical development. To provide a structured overview of the diverse applications of artificial intelligence across the pharmaceutical lifecycle, Table 1 summarizes key techniques, applications, benefits, and limitations.

Table 1. Key applications of artificial intelligence in drug discovery and pharmacovigilance
	Stage of Pharmaceutical Lifecycle
	AI/ML Techniques Used
	Key Applications
	Benefits
	Limitations

	Target Identification & Validation
	Machine learning, network analysis
	Identification of disease-associated genes and pathways
	Faster discovery, systems-level insights
	Dependent on data quality

	Virtual Screening
	Deep learning, QSAR models
	Prediction of binding affinity and activity
	Reduces experimental workload
	Bias in chemical datasets

	De Novo Drug Design
	Generative AI (GANs, VAEs), reinforcement learning
	Novel molecule generation
	Expands chemical space
	Synthetic feasibility issues

	ADMET Prediction
	Supervised learning, neural networks
	Toxicity and pharmacokinetics prediction
	Early failure detection
	Limited biological interpretability

	Drug Repurposing
	Data mining, network-based models
	Identification of new drug indications
	Cost- and time-efficient
	Risk of false positives

	Clinical Trials
	Predictive analytics, ML
	Patient recruitment, stratification, adaptive trials
	Improved success rates
	Data privacy concerns

	Pharmacovigilance
	NLP, deep learning
	Adverse event detection, signal identification
	Early detection of safety signals
	Data heterogeneity, reporting bias



5. Applications of Artificial Intelligence in Pharmacovigilance 

Pharmacovigilance plays a critical role in ensuring drug safety during the post-marketing phase by detecting, assessing, and preventing adverse drug reactions. Traditional pharmacovigilance systems rely primarily on spontaneous reporting mechanisms, which, although essential, are often limited by under-reporting, incomplete data, and delays in signal detection (Meyboom et al., 1997). The increasing complexity of modern therapeutics, including biologics, polypharmacy, and personalized medicine, has further challenged the effectiveness of conventional approaches. Artificial intelligence has emerged as a transformative solution, enabling more efficient, scalable, and data-driven pharmacovigilance systems.

One of the key applications of artificial intelligence in pharmacovigilance is automated adverse event detection. Machine learning algorithms can analyze large volumes of safety data from diverse sources, including spontaneous reporting systems, electronic health records, insurance claims, and patient-generated data. These models are capable of identifying patterns and detecting disproportionate reporting trends that may indicate emerging safety signals. Compared to traditional statistical approaches, artificial intelligence methods offer improved sensitivity and the ability to detect rare or complex adverse events at earlier stages (Khemani et al., 2025).

Natural language processing has become an essential tool in pharmacovigilance due to the unstructured nature of much safety-related information. Clinical narratives, discharge summaries, regulatory documents, and scientific literature often contain valuable safety data that are not easily accessible through structured databases. Natural language processing techniques enable the extraction of relevant entities such as drug names, adverse events, dosages, temporal relationships, and clinical outcomes. Automated coding of this information into standardized terminologies enhances consistency and significantly reduces the manual workload associated with case processing (Meyboom et al., 1997).
Artificial intelligence also enhances signal detection and risk assessment by enabling the identification of complex and non-linear relationships between drugs and adverse events. Machine learning models can integrate multiple data sources, including spontaneous reports, electronic health records, and claims data, to improve both the sensitivity and specificity of signal detection. In addition, predictive models can estimate the likelihood of adverse drug reactions occurring in specific patient populations, thereby supporting risk stratification and targeted safety monitoring (Salas et al., 2022).

The use of real-world data has further expanded the scope of pharmacovigilance. Artificial intelligence enables the analysis of data generated in routine clinical practice, including electronic health records, patient registries, insurance claims, and patient-reported outcomes. These data sources provide insights into drug safety across diverse populations and real-life conditions, allowing for the identification of rare or delayed adverse events that may not be observed in clinical trials. Social media platforms have also emerged as potential sources of early safety signals, although challenges related to data quality, misinformation, and privacy must be carefully addressed (Dimitsaki et al., 2024; Salas et al., 2022).

Another important application of artificial intelligence in pharmacovigilance is benefit–risk evaluation. By integrating data on drug efficacy and safety from multiple sources, artificial intelligence models can support comprehensive and quantitative assessments of the benefit–risk profile of therapeutic interventions. These analyses are valuable for regulatory decision-making, post-marketing surveillance, and the development of clinical guidelines (Desai, 2024).

Despite these advancements, several challenges limit the widespread adoption of artificial intelligence in pharmacovigilance. Data quality and standardization remain critical issues, as inconsistent or incomplete data can affect model performance. Algorithmic bias may lead to unequal risk predictions across different populations, and the lack of interpretability in complex models can hinder clinical trust and regulatory acceptance. Furthermore, ethical concerns related to data privacy and governance must be addressed to ensure responsible implementation.

Overall, artificial intelligence has significantly enhanced pharmacovigilance by enabling faster, more accurate, and more comprehensive detection of drug safety signals. However, its successful integration into routine practice requires continued efforts in data standardization, model validation, regulatory alignment, and ethical oversight.

6. Benefits of Artificial Intelligence Implementation Across the Pharmaceutical Lifecycle 

The integration of artificial intelligence across the pharmaceutical lifecycle offers substantial advantages in improving efficiency, reducing costs, and enhancing the accuracy of decision-making processes. From early-stage drug discovery to post-marketing surveillance, artificial intelligence enables a more streamlined and data-driven approach to pharmaceutical research and development.
One of the most significant benefits of artificial intelligence is the reduction in time required for drug development. By enabling rapid analysis of large and complex datasets, artificial intelligence accelerates processes such as target identification, virtual screening, and lead optimization. This increased efficiency allows researchers to prioritize the most promising drug candidates and reduce reliance on time-consuming experimental methods. As a result, the overall development timeline can be shortened, facilitating faster delivery of new therapies to patients.

Artificial intelligence also contributes to cost reduction in pharmaceutical development. Traditional drug discovery processes are associated with high failure rates and substantial financial investment. By predicting potential failures at early stages, artificial intelligence helps to minimize the progression of ineffective or unsafe compounds into later stages of development. This targeted allocation of resources reduces unnecessary expenditure and improves the overall return on investment (Rajkomar et al., 2019).

Another important advantage is the improvement in predictive accuracy. Machine learning models can analyze complex relationships between biological, chemical, and clinical variables, enabling more accurate predictions of drug efficacy, safety, and pharmacokinetic properties. This improved predictive capability enhances decision-making and increases the likelihood of successful outcomes in both preclinical and clinical phases.

Artificial intelligence also facilitates the integration and analysis of heterogeneous data sources, including genomic data, clinical records, imaging data, and real-world evidence. This capability allows for a more comprehensive understanding of disease mechanisms and drug responses, supporting the development of more effective therapeutic strategies. The ability to process large volumes of diverse data is particularly valuable in addressing complex diseases that involve multiple biological pathways.

In addition, artificial intelligence supports the advancement of precision medicine by enabling the customization of treatment strategies based on individual patient characteristics. Machine learning models can identify patient subgroups that are more likely to benefit from specific therapies, thereby improving treatment outcomes and reducing adverse effects. This personalized approach represents a significant shift from traditional one-size-fits-all treatment paradigms.

Despite these benefits, it is important to recognize that the successful implementation of artificial intelligence depends on the availability of high-quality data, appropriate infrastructure, and skilled personnel. Addressing these requirements is essential to fully realize the potential of artificial intelligence in transforming the pharmaceutical lifecycle.

7. Applicability to Low- and Middle-Income Countries (LMICs) 
The application of artificial intelligence in drug discovery and pharmacovigilance presents significant opportunities for low- and middle-income countries, where healthcare systems often face constraints related to limited resources, high disease burden, and inadequate research infrastructure. Traditional drug development models frequently prioritize conditions with strong commercial incentives, which can result in the neglect of diseases that disproportionately affect these regions. Artificial intelligence has the potential to address this imbalance by enabling more cost-effective and targeted approaches to therapeutic development.

Artificial intelligence can facilitate drug discovery efforts in low- and middle-income countries by supporting the identification and repurposing of drugs for diseases such as neglected tropical diseases, antimicrobial resistance, and emerging infectious diseases (Mak & Pichika, 2019). By leveraging existing biomedical data and computational models, artificial intelligence reduces the reliance on expensive laboratory infrastructure and accelerates the identification of potential therapeutic candidates. This approach is particularly valuable in settings where financial and technical resources are limited.

In the context of pharmacovigilance, many low- and middle-income countries face challenges such as underdeveloped reporting systems, limited regulatory capacity, and fragmented health data. Artificial intelligence can enhance safety monitoring by enabling the analysis of data from electronic health records, mobile health platforms, and community-based reporting systems. These tools can improve signal detection even in environments where data are sparse or incomplete, thereby strengthening post-marketing surveillance (Dimitsaki et al., 2024).

The widespread use of mobile technologies in low- and middle-income countries provides an additional opportunity for integrating artificial intelligence into pharmacovigilance systems. Digital platforms can facilitate patient reporting of adverse drug reactions, increasing data availability and improving the timeliness of safety signal detection. This approach can help bridge gaps in traditional reporting mechanisms and promote more inclusive pharmacovigilance practices.

However, several challenges must be addressed to ensure effective implementation. Data scarcity and variability in data quality can limit the performance of artificial intelligence models. In addition, inadequate digital infrastructure and a shortage of skilled personnel pose significant barriers to adoption. There is also a risk that artificial intelligence models developed using data from high-income countries may not generalize well to populations in low- and middle-income settings, potentially exacerbating existing health inequities (Balendran et al., 2024).

To overcome these challenges, investments in digital infrastructure, workforce training, and local data generation are essential. Collaborative efforts between governments, academic institutions, industry, and international organizations can support capacity building and ensure that artificial intelligence technologies are adapted to local contexts. Such efforts are critical to achieving equitable access to the benefits of artificial intelligence in global health.

8. Policy and Regulatory Approaches 
The integration of artificial intelligence into drug discovery and pharmacovigilance requires robust regulatory frameworks to ensure safety, efficacy, transparency, and ethical use. As artificial intelligence technologies become increasingly embedded in healthcare and pharmaceutical research, regulatory bodies have begun to develop guidance to address the unique challenges associated with these systems.
Major regulatory organizations, including the United States Food and Drug Administration, the European Medicines Agency, and the World Health Organization, have initiated efforts to establish guidelines for artificial intelligence-enabled medical products and decision-support systems (Ethics and Governance of Artificial Intelligence for Health, n.d.). These efforts aim to ensure that artificial intelligence applications meet established standards for quality, safety, and performance while maintaining public trust.

One of the key regulatory considerations is the use of representative and high-quality datasets. Artificial intelligence models trained on biased or unrepresentative data may produce inaccurate or inequitable outcomes, which can have significant implications for patient safety. Therefore, regulators emphasize the importance of data integrity, diversity, and proper validation in model development.

Another critical issue is model interpretability. Many artificial intelligence systems, particularly those based on deep learning, operate as complex models with limited transparency in their decision-making processes. This lack of explainability can hinder clinical adoption and regulatory approval. As a result, there is increasing emphasis on the development and implementation of explainable artificial intelligence approaches that provide insight into how decisions are made.

Risk-based classification of artificial intelligence systems is also an important aspect of regulatory oversight. Systems that have a direct impact on clinical decision-making or patient outcomes are subject to stricter regulatory scrutiny compared to lower-risk applications. This approach allows for proportionate regulation based on the potential risks associated with different types of artificial intelligence technologies.

In addition, ethical considerations such as accountability, data privacy, and social responsibility are central to regulatory frameworks. The use of sensitive health data requires strict adherence to data protection standards, and mechanisms must be in place to ensure that artificial intelligence systems are used responsibly and do not contribute to harm or inequity.

A unique challenge in regulating artificial intelligence is its adaptive nature. Unlike traditional medical products, some artificial intelligence systems can evolve over time as they are exposed to new data. This dynamic behavior necessitates a lifecycle-based regulatory approach that includes continuous monitoring, post-deployment evaluation, and periodic reassessment of performance.

Despite ongoing efforts, harmonization of regulatory standards across different jurisdictions remains a challenge. Variations in regulatory requirements can create barriers to the global implementation of artificial intelligence technologies. Collaborative international efforts are therefore essential to establish consistent standards and facilitate the safe and effective use of artificial intelligence in pharmaceutical research and healthcare.

9. Real-World Cases of AI-Assisted Drug Discovery  (Revised )
The use of artificial intelligence in drug discovery has been moving beyond the conceptual level to the practical level, with several cases demonstrating the applicability of the technology in drug discovery. These cases are an indication that artificial intelligence is useful in drug discovery and that it is possible to reduce the time taken to discover drug candidates using the technology. Artificial intelligence has been shown to reduce the time taken to discover drug candidates compared to traditional drug discovery methodologies (Wan et al., 2025).
An example of the applicability of artificial intelligence in drug discovery is the discovery of DSP-1181, an agonist of the serotonin 5-HT1A receptor. The discovery of DSP-1181 is an example of the applicability of artificial intelligence in drug discovery. DSP-1181 was discovered using artificial intelligence and progressed to the initiation of clinical trials in about 12 months. This is an indication that the use of artificial intelligence in drug discovery is beneficial because it is possible to reduce the time taken to discover drug candidates using the technology. The time taken to discover DSP-1181 is shorter than the time taken to discover most drug candidates using traditional methodologies(Burki, 2020)

Another notable example is the discovery of halicin, an antibiotic identified using deep learning approaches. By screening large chemical libraries, artificial intelligence models were able to identify structurally novel compounds with activity against multidrug-resistant pathogens. This case highlights the advantage of artificial intelligence over traditional approaches and its ability to identify new drug molecules that may not emerge through conventional screening method (Stokes et al., 2020).

Artificial intelligence has also shown promise in drug repurposing, whereby existing pharmacological and clinical data sets have been used to identify potential therapeutic agents for new therapeutic uses, especially during public health emergencies. This has allowed for rapid prioritization of candidate drugs, thereby allowing for quicker clinical evaluation and response (Keramida et al., 2025).
In recent times, there has been evidence to suggest that several drug candidates developed through artificial intelligence, such as rentosertib (ISM001-055), have successfully entered early clinical trials, thereby showing promise for these approaches (Wang et al., 2025). This has also been evidenced by the pharmaceutical industry, whereby many organizations are increasingly using artificial intelligence in drug development.
Machine learning has also been used in clinical development, whereby dosing strategies, patient response, and stratification can be optimized, leading to a more efficient clinical trial process and therapeutic response.
Although there has been a marked improvement in drug discovery through artificial intelligence, most drug discovery processes through this approach are still in their early stages and are yet to be fully validated, whereby most drug candidates are yet to be tested on a large scale, and success rates are still uncertain.
In conclusion, from the current real-world applications, it can be seen that artificial intelligence has a positive impact on drug discovery, whereby the scope and efficiency are improved, and this has a long-lasting effect.
Although there has been a marked improvement in drug discovery through artificial intelligence, most drug discovery processes through this approach are still in their early stages and are yet to be fully validated, whereby most drug candidates are yet to be tested on a large scale, and success rates are still uncertain.
In conclusion, from the current real-world applications, it can be seen that artificial intelligence has a positive impact on drug discovery, whereby the scope and efficiency are improved, and this has a long-lasting effect.





10. Critical Evaluation of Existing Evidence 
While AI has shown tremendous potential in drug discovery and pharmacovigilance, some limitations are also associated with the studies done on the use of AI in drug discovery and pharmacovigilance.
 
Firstly, one of the limitations associated with most studies, especially those on drug discovery and pharmacovigilance, is that they are mostly based on retrospective studies or controlled experiments and, hence, cannot provide us with an exact view of the clinical scenario, which might be complex in nature(Salas et al., 2022). Moreover, most studies have used internal validation, and there is a lack of external validation studies done on different populations.
 
Another limitation associated with most studies, especially those on drug discovery and pharmacovigilance, is that they use a huge amount of data, and sometimes the accuracy of the data used is doubtful, leading to unreliable results, especially in pharmacovigilance.
 
In addition to this, even though most studies on drug discovery and pharmacovigilance using AI have shown tremendous potential, especially in terms of predictive capabilities, most studies have not allowed us to compare and find out which one is better and works more effectively, especially due to the difference in the criteria used to evaluate the studies.
 
While most studies on drug discovery and pharmacovigilance using AI have shown tremendous potential, most studies are still in the preclinical stages, and hence most studies on drug discovery and pharmacovigilance using AI are still in the early stages, and hence there is a huge gap between what has been developed and what is being used. 

11. Future Research Priorities 

In order to enhance the use of artificial intelligence (AI) in drug discovery and pharmacovigilance, there are certain research priorities that should be addressed. Although there is evidence indicating that AI has several applications, the results obtained from this review suggest that there are certain limitations affecting the implementation of AI in routine pharmaceutical use.
One of the research priorities that should be addressed is the development of quality, diverse, and representative data sets. The performance of AI models relies on the quality and diversity of data sets, and therefore, certain limitations affecting data quality and diversity should be addressed. The development of data curation, standardization, and interoperability should be addressed, as this will enhance the performance of AI models, allowing integration with various settings and organizations (Li et al., 2024).
Another research priority that should be addressed is enhancing model interpretability and transparency. The results obtained from this review suggest that certain limitations affecting model interpretability and transparency should be addressed, as this will enhance the implementation of AI in routine settings. The development of interpretable AI will be crucial in enhancing the implementation of AI in routine settings.
Another research priority that should be addressed is enhancing the integration of multi-source data. The results obtained from various studies suggest that there are certain applications associated with multi-source data integration, and therefore, this should be addressed in future research, ensuring that there is integration between various data sets, thus enhancing accuracy and personalization in therapeutic interventions.
Moreover, it was observed that there was a lack of prospective validation. It was seen that existing literature was based on retrospective data, and only a small number of studies have been conducted prospectively in clinical or real-world settings. It is crucial to perform prospective studies, including randomized evaluations, to ascertain clinical utility, safety, and cost-effectiveness.
It was observed that there was a lack of standardization in validation approaches and limited regulatory guidance for AI-based solutions. It is crucial to advance regulatory science, including standardizing evaluation approaches and management approaches for AI-based solutions.
Moreover, it was observed that there was a lack of infrastructure and technical capacity for low- and middle-income countries. It is crucial to address this issue through increased investment in data infrastructure, workforce development, and data generation in low- and middle-income countries to enhance its applicability and reduce inequities in access to AI-based innovations.
Moreover, it was observed that issues related to ethics have been at the core of the application of AI in pharmaceutical research. It is crucial to address issues related to bias, data privacy, and fairness through the development of an ethical framework.
It can be concluded that it is crucial to address all the issues discussed above to enhance the application of AI in drug discovery, pharmacovigilance, and patient care. It is crucial to collaborate with academia, industry, and regulatory bodies to address this gap between methodological development and practical application of AI-based solutions for drug discovery, pharmacovigilance, and patient care.
It is crucial to address all the issues discussed above to enhance the application of AI in drug discovery, pharmacovigilance, and patient care. It is crucial to collaborate with academia, industry, and regulatory bodies to address this gap between methodological development and practical application of AI-based solutions for drug discovery, pharmacovigilance, and patient care.
It can be concluded that it is crucial to address all the issues discussed above to enhance the application of AI in drug discovery, pharmacovigilance, and patient care. It is crucial to collaborate with academia, industry, and regulatory bodies to address this gap between methodological development and practical application of AI-based solutions for drug discovery, pharmacovigilance, and patient care.
It is crucial to address all the issues discussed above to enhance the application of AI in drug discovery, pharmacovigilance, and improved patient outcomes (Rajkomar et al., 2019).

[bookmark: _Hlk223955456]Conclusion 
Artificial intelligence and machine learning are increasingly being used at various stages of the pharmaceutical drug lifecycle. The findings of the studies synthesized in this review have shown that the use of artificial intelligence and machine learning is beneficial in terms of efficiency and predictive capabilities.
However, the effectiveness of artificial intelligence and machine learning is dependent on some factors. These factors include the availability of good-quality data, the use of good validation techniques, and the integration of machine learning into the current scientific and clinical landscape.
In spite of the benefits of machine learning and artificial intelligence, some limitations have also been noted. These limitations include bias in machine learning algorithms, the lack of interpretability of machine learning models, and the varying effectiveness of machine learning models on different datasets.
In spite of the benefits of machine learning and artificial intelligence, the applications are still at the early stages of validation. Therefore, it is important to note that the effectiveness of machine learning and artificial intelligence is still to be established.
In order to translate machine learning into practice, it is important to note that efforts will have to be made at the level of research, clinical practice, industry, and regulatory bodies.
In addition to the limitations of machine learning and artificial intelligence, it is also important to note that the effectiveness of machine learning and artificial intelligence is still to be established in low- and middle-income countries.
In conclusion, it is important to note that machine learning and artificial intelligence are beneficial in terms of efficiency and predictive capabilities. However, the effectiveness of machine learning and artificial intelligence is still to be established.
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