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Animal models for several decades have offered a foundation for discovering human physiology along with promoting therapeutic innovation. However, limitations like translational gaps, controversy-ridden ethics, and regulatory issues are even more dearly acknowledged now. The “3Rs” (replacement, reduction, refinement) charts its course to humane as well as efficacious science with artificial intelligence (“AI”) as a chief facilitator of such a transition. By delivering sophisticated analytical power, AI renders 3Rs enforceable with concomitant predictions, simulations, and validations while minimizing animal subjects’ dependency. Machine and deep-learning algorithms are capable of processing massive, complex datasets to simulate human biology, forecast therapy outcomes, and discover candidate drugs, thereby circumventing large-scale animal usage. In such a manner, AI can directly facilitate replacement while promoting reduction through maximized experimental designs as well as refinement through data-driven improvements for animal welfare. The interplay of AI as well as the latest alternative methods such as organoids, organs-on-chips, and body-on-chip devices is emphasized within this review, which also briefs on evolving international policies with regard to AI ethics guidelines. This mini-review evaluates the modern role of AI in biomedical research, presenting its role across drug discovery, toxicology, disease modeling, and personalized therapy. We evaluate both encouraging prospects and existing challenges such as strict validation requirements and ethics controls as well as interdisciplinary collaboration that inform AI’s embracing within animal-research-free models.
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1 Introduction

Researchers have depended on animal models for knowledge of human physiology, disease mechanisms, and therapy developments for generations (Akbarein et al., 2025). The why is simple: many animals, especially mammals, share human-like anatomy and physiology that makes it possible for scientists to study complex systems like circulation, hormonal networks, cells, and tissues in ways that are not possible otherwise (Mukherjee et al., 2022). As a result, animal models have propelled noteworthy biomedical advancements from tracing cell signaling pathways to identifying drug targets to informing cancer and infectious disease therapy (Kim et al., 2020). However, they are far from perfect. Results from animals are not always universally applicable to humans, which can result in lost time as well as resources and delayed medical advancements (Mukherjee et al., 2022). Ethical issues regarding animal welfare create another dimension of challenge due to the sheer number utilized annually. In response to these scientific and moral challenges as well as the growing regulatory pressure, the research community increasingly goes to the 3Rs: reduce, refine, and replace animal utilization wherever it is possible (Maji and Lee, 2022).

3Rs (replacement, reduction, refinement) is a utilitarian approach that serves as a practical tool to encourage the efficient and moral performance of research. Replacement involves the use of substitutes for animal models wherever possible, such as cell culture, computational modeling, or well-designed human research. Reduction involves the reduction of the number of animals used while retaining statistical power with improved experimental design and high-resolution imaging methods. Refining involves procedural changes to reduce pain and distress suffered by the animals (Kendall et al., 2018). The interplay between scientific limitations, ethically driven considerations, and changing regulations placed on research scientists has led to a drive to explore new methodologies, with computational methods and artificial intelligence (AI) holding particular promise.

AI has become a central collaborator within the ambit of 3Rs. Through the use of deep-learning algorithms that are expert at pattern detection in massive multi-omics, imaging, and clinical datasets, AI provides in silico substitutions for traditional in vivo experiments. The computational models not only increase the accuracy of predictions of biological response but also enable iterative refinement of hypotheses before animal testing is begun. AI, which includes machine learning as well as deep learning, is showing its potential to unravel complex biological data, predict treatment response, and simulate biological processes. Such approaches can help address certain disadvantages of traditional animal models through high-throughput methods that are cost-effective as well as ethically preferable research approaches. AI-driven models can integrate heterogeneous datasets of different types, such as genomics, proteomics, and clinical records, thus creating detailed perspectives on biological systems, helping to predict drug action, determine disease pathways, and tailor therapy approaches. Properly applying the 3Rs usually means combining computational models with bioinformatics, in vitro systems, biochemical assays, and selective use of model organisms (Doke and Dhawale, 2015). Because AI can learn from massive datasets and detect subtle patterns humans might miss, it has unique potential to speed up discoveries and improve translation from bench to bedside.

Earlier reviews tended to describe AI applications broadly across healthcare; however, few have critically evaluated how these tools contribute to measurable animal replacement or reduction. The present review, therefore, adopts an analytical lens, linking technical innovation with ethical and policy dimensions to assess AI’s tangible role in achieving humane, reproducible, and human-relevant biomedical research. This critical orientation establishes the conceptual and ethical framework for the sections that follow. We discuss the fundamentals of AI, machine learning, and deep learning and give concrete examples of how these tools are used in drug discovery, toxicology, disease modeling, and personalized medicine. Specifically, we examine validated case studies where AI models have replaced or reduced animal use and the integration of AI with new alternative methodologies (NAMs) such as organoids-on-chips and discuss the evolving regulatory aspects that now recognize AI-based evidence under acts such as the FDA Modernization Act 2.0 (Han, 2023). We reflect on the virtues and limitations of several methods of AI as well as future prospects for wider applications of AI in biomedicine with a need for strong validation, ethical protection, and vigorous cross-disciplinary research. With that in mind, this mini-review gives a balanced view on AI’s contributions to concerns over non-animal research methods with emphasis on its promise to accelerate discovery with high scientific and moral benchmarks (Bhardwaj et al., 2022; Kim et al., 2020; Kim et al., 2020; Akbarein et al., 2025).




2 Current role of animal models in biomedical research

Animal models are still playing a critical role in several areas of biomedical research through contributions to understanding complex biological processes and disease patterns. In drug discovery research, these animals are frequently used to determine the safety and efficacy of new compounds as a prerequisite for commencing human clinical trials (Abbas et al., 2024). Rodents such as mice and rats are often used due to short lifespans, ease of manipulating genes, and human-like physiologies. These models are especially worthwhile for multifactorial disorders such as cancer, diabetes, Alzheimer’s, and autoimmune diseases, when it would be impossible or unethical to conduct direct human research. The models of animal disease are also central to vaccine research: these are again applicable to defining immunogenicity and protection, assessing both antibody and cell-related responses as well as extent and duration of protection from infection.

Regulatory requirements often demand animal model results for approval of new drugs and devices (Galbreath et al., 2013). The requirements are to ensure product safety and performance prior to marketing release. Regulators such as the FDA and EMA insist on robust preclinical animal research as proof of new product safety and performance (McGonigle and Ruggeri, 2014). The research is required to be strict according to protocols in order to ensure result credibility as well as outcome reproducibility (Angius et al., 2012). The choice of suitable animal models and in vitro tests should be compatible with the device’s desired medical application (Anderson and Jiang, 2019). Although animal models have significantly contributed to biomedical science, limitations that result in a lack of reliable predictions of human outcome are becoming increasingly well appreciated.




3 Limitations of animal models

Despite this central role, the traditional reliance on animals is increasingly viewed as a scientific bottleneck rather than a universal standard. The predictive value of many animal models remains modest: between 50% and 70% of drug candidates demonstrating efficacy in animals ultimately fail in human trials (Hartung, 2024). Despite their widespread use, animal models have important limitations that can weaken their ability to predict human responses to drugs, chemicals, and other interventions. One major problem is species-specific differences that hinder clinical translation: physiological, metabolic, and genetic mismatches between animals and humans can change how a drug is processed, how targets are expressed, or how a disease develops, often leading to clinical trial failures even after promising preclinical animal results (Mukherjee et al., 2022). For example, the structural organization of the mouse immune system differs markedly from that of humans, which can make it hard to apply findings from murine studies to human disease contexts (Shi et al., 2019). Likewise, animal models may fail to reproduce key features of patient cells, their microenvironment, affected tissues or organs, or whole-organism physiology; even when outward disease traits look alike, the underlying molecular mechanisms frequently differ, widening the translational gap (Healy, 2018).

Ethical and welfare concerns are coming under closer scrutiny. More attention is being paid to welfare and ethics questions. The research use of animals is an issue that raises intense concern regarding causing distress to sensitive beings for human benefit, and it is deemed that animals must be shielded from unwarranted distress. Surveys of general opinion consistently point to strong opposition to invasive experiments or distressing and painful procedures.

Practical challenges exacerbate the issue: animal research is expensive and time-consuming. The operation and upkeep of animal facilities, breeding colonies, and conducting experiments require substantial resources, and several questions can take months or even years to complete while hampering discoveries of new treatment and diagnostic tools. Meanwhile, shifting societal opinions and increasingly prohibitive regulations are spurring movements to cut down, advance, and replace the utilization of animals for research purposes; several nations are implementing new bans and restrictions on some varieties of animal research.

Reproducibility introduces another dimension of concern: outcomes are subject to species or strain selection, research laboratory, or actual methods employed so that outcomes from different experiments become unreliable. All these issues—scientific, ethical, economic, and those of reproducibility—have created interest in alternatives that can be used to reduce utilization of animal models (Akhtar, 2015).




4 Emergence of artificial intelligence in biomedical research

Artificial intelligence is rapidly becoming a transformative force in biomedical science with prospects to accelerate discovery, increase efficiency, and reduce reliance on traditional animal models. AI is made up of algorithms and computer programs programmed to carry out tasks that would usually require human thought.

AI combines several computational methods that allow machines to learn from experience, predict things, and figure out puzzles (Owens et al., 2023). Machine learning, as part of AI, is concerned with formulating algorithms that derive knowledge from data without explicit programming. Machine learning’s deep subfield utilizes multilayered artificial neural networks to discern sophisticated patterns within data (Akinsulie et al., 2024). In healthcare, having no quantitative models available for applications like medical diagnostics is a significant challenge (Asan et al., 2020).

There are different types of AI models used in biomedical research—all with different abilities and applications. Supervised learning algorithms make predictions or classifications from labeled data that are inferred from them. On the other hand, unsupervised learning algorithms discover patterns and relationships within unlabeled data. Predictive modeling uses AI algorithms to predict future events from historical data (Manne and Kantheti, 2021). Natural language processing (NLP) makes it possible for the computer to understand and interpret human languages, facilitating text analysis and sentiment analysis. Generative models create new data that are similar to their input from training them, with prospects in drug design and image creation.

In the 3Rs community, the role of artificial intelligence is greater than that of simply automating; it is transforming by creating experiment alternatives driven by generated data that are traditionally used on animals. Machine-learning- and deep-learning-based algorithms can integrate genomics, proteomics, metabolomics, and phenotypic datasets to create in silico biological networks that mimic human physiologic processes.




5 Applications of AI in the replacement of animal models



5.1 In silico drug discovery and toxicology

The discovery of drugs and toxicology are being transformed by AI through computer-generated (in silico) methods that forecast drug effectiveness as well as toxicity while minimizing animal testing requirements. Toxicological predictive models as well as quantitative structure–activity relationship (QSAR) models exploit AI algorithms to forecast chemical toxicity based on molecular constitution. AI methods excel in pattern discovery, predictions, and manipulating big datasets (Olawade et al., 2023). AI-based toxicology models have demonstrated measurable success in substituting traditional animal assays. The DeepTox algorithm, trained on over 12,000 compounds, predicted chemical toxicity endpoints with an accuracy that equaled or exceeded rodent bioassay outcomes (Mayr et al., 2016). The Tox21 program, a collaboration among the U.S. EPA, NIH, and FDA, integrates machine learning with high-throughput in vitro screening to identify human-relevant toxicity pathways (Lynch et al., 2024). Similarly, the Virtual Liver Network reconstructs hepatotoxic mechanisms in silico, allowing for early identification of liver injury risks. These examples confirm that AI can reproduce core toxicological predictions at a fraction of the time, cost, and ethical burden of animal studies (Kuepfer et al., 2014). Virtual screening, for example, employs AI to evaluate vast compound libraries, pinpointing those with high target-binding potential (MacMath et al., 2023). AI also predicts drug–target interactions, aiding candidate identification and mechanism elucidation. Machine learning algorithms scrutinize massive databases to detect complex patterns, enabling the discovery of new therapeutic targets and the prediction of viable drug candidates more accurately and rapidly than traditional methods (Serrano et al., 2024). AI techniques show promise in discerning molecular signatures, identifying drug targets, and appraising therapeutic approaches (Nguyen et al., 2020). Generative adversarial networks are instrumental in designing novel molecules. AI platforms are developing new small-molecule treatments for various conditions, some aiming to replicate medicinal chemists’ decision-making while learning from their expertise (Jang, 2019).




5.2 Disease modeling and pathophysiology

AI also facilitates the creation of advanced disease models simulating human disease complexity, providing animal model alternatives. AI-enhanced organ-on-chip systems integrate microfluidics, cell cultures, and AI algorithms to produce realistic in vitro human organ replicas for studying disease mechanisms and drug efficacy. AI now enables the creation of digital twins, computational avatars that replicate organ or systemic disease progression using real patient data. Such models have been applied in oncology, neurodegeneration, and cardiometabolic disorders to predict responses that align more closely with human outcomes than with animal surrogates. Digital twins are virtual patient models amalgamating data from medical records, imaging, and genomics. AI algorithms analyze these data to predict disease trajectories and tailor treatments (Gangwal and Lavecchia, 2025a). AI proved useful for devising precision medicine approaches in cancer research through the use of algorithms to filter through large datasets, forecast medication reactions, and develop personalized therapy approaches. The AI models can accurately anticipate cancer patient outcomes, treatment effectiveness, and chance of survival while optimizing physician decision-making through the identification of patients who stand to gain from targeted therapy approaches (Maleki Varnosfaderani and Forouzanfar, 2024). The AI can determine high-dimensional data to narrow down diagnoses in many diseases.




5.3 Pharmacokinetics and pharmacodynamics modeling

PK/PD modeling is improved with AI through the integration of information from multiple sources so that predictions become more accurate. Physiologically based PK models employ mathematical descriptions to describe the absorption, distribution, metabolism, and excretion of drugs. Their parameters are tuned with AI algorithms to build stronger predictive capacity. This contributes to personalized dosing design along with predictions of drug interactions. Computer platforms like ATOM and DeepChem employ deep learning so that lead compounds can be optimized without the use of animal experiments. Pharmacokinetic and toxicity simulations based on AI reduce traditional preclinical research on rodent as well as canine models (Serrano et al., 2024; Gangwal and Lavecchia, 2025b).




5.4 High-throughput omics data analysis

AI plays a central role in interpreting vast volumes of genomics, proteomics, and metabolomics data. AI detects biomarkers of disease risk, diagnosis, or therapy monitoring (Taherdoost and Ghofrani, 2024). In personalized therapy, AI examines genetic, demographic, and lifestyle information to provide personalized treatment recommendations (Li et al., 2024). Integrating AI with high-throughput omics data facilitates new biomarker identification, drug discovery, and personalized medicine design (Tariq, 2023). Machine learning algorithms for AI deal with massive amounts of high-throughput data, producing accurate diagnoses and becoming significant players in disease identification and prediction, presenting new healthcare viewpoints (Schork, 2019; Maleki Varnosfaderani and Forouzanfar, 2024). The emergence of AI in biomedical research is driven by machine learning’s rapid progress, increased computational power, and greater access to data (Schork, 2019; Briganti and Le Moine, 2020; Patel et al., 2020). The combination of AI with omics data enhances accuracy in classifying diseases and reveals new therapeutic agents, although some issues remain in multiomics/interomics analysis as well as a lack of algorithm availability (Patel et al., 2020). AI programs have the capacity to integrate vast knowledge bases with the potential to lower traditional practice-based false diagnoses and therapy mistakes (Serag et al., 2019). Health organizations are employing AI to discover latent patterns and to develop forecasting models for better decision support (Frey, 2018). Genomic medicine with AI supports improved patient attention [41]. Physicians are employing AI to make more informed decisions, automate workflows, and customize therapy to individual patients (Gala et al., 2024).




5.5 Clinical trial simulation and optimization

The emergence of artificial intelligence methods has made it possible for scientists to mimic clinical trials, modify design parameters, and predict likely outcomes (Huang et al., 2024). Machine learning can be used for predicting trial outcomes as well as finding patients who are most likely to comply with medication regimens, thus optimizing the duration and success rate of trials (Reis et al., 2025). The applications lead to compressed schedules and lower costs of drug discovery. By creating simulated populations and modeling for treatment responses, scientists can test many different trial situations and make choice-of-optimum strategies without having to implement actual research projects. It also reduces reliance on animal experiments as well as related expenses (Jha et al., 2023; Malik et al., 2024).





6 Advantages of AI over animal models

AI offers several clear advantages over animal models in biomedical research. It can improve the accuracy of predictions about human responses, which helps lower the risk of clinical trial failures. AI-driven predictive toxicology, for example, can assess chemical and drug safety more efficiently and reduce the need for animal testing while delivering more precise risk estimates (Abbas et al., 2024). Beyond that, AI aligns well with the 3Rs, speeds up analysis, cuts costs, and handles very large datasets, all of which can help reduce animal use and improve welfare standards (Chan et al., 2019). A comparative analysis of their roles in key biomedical domains is summarized in Table 1.


Table 1 | Animal models vs. AI in biomedical research.
	Aspect
	Animal models
	AI-driven approaches



	Drug discovery
	Evaluate the efficacy/safety of novel therapeutics (Abbas et al., 2024)
	Virtual screening, drug–target interaction prediction, generative molecule design (Jang, 2019; Nguyen et al., 2020; MacMath et al., 2023; Serrano et al., 2024)


	Disease modeling
	Genetically modified models for phenotypes (e.g., cancer, Alzheimer’s) (Angius et al., 2012; Vandamme, 2014; Anderson and Jiang, 2019)
	Organ-on-chip systems, digital twins, predictive progression models (Maleki Varnosfaderani and Forouzanfar, 2024; Pugalenthi et al., 2025)


	Toxicology testing
	Mandated for regulatory risk assessment; tests acute/chronic effects (Galbreath et al., 2013; Abbas et al., 2024)
	QSAR models, high-throughput screening (e.g., Tox21) (Olawade et al., 2023; Zhang et al., 2024)


	Translational accuracy
	Limited by species differences (e.g., immune system disparities) (Shi et al., 2019; Mukherjee et al., 2022)
	Human-data-driven predictions; reduces clinical trial failures (Huang et al., 2024; Malik et al., 2024)


	Ethical alignment
	Raises welfare concerns; requires 3Rs adherence (Maji and Lee, 2022)
	Inherently aligns with 3Rs (replacement/reduction) (Chan et al., 2019)


	Cost/time efficiency
Reproducibility
	High costs, prolonged timelines (months/years) (Akhtar, 2015)
Variable (lab-dependent)
	Rapid, low-cost data analysis; accelerates discovery (Burki, 2020)
High (standardized algorithms)










7 Integrating artificial intelligence with new alternative methodologies

Integration of AI with organoids, organs-on-chips (OoCs), and body-on-chips represents the next frontier in non-animal biomedical research. AI enhances these systems by processing high-dimensional biological readouts, imaging, transcriptomics, and electrophysiology to extract mechanistic insights and improve model validation. Recent evidence demonstrates the synergistic potential of AI integration with emerging new alternative methodologies. Deng et al. demonstrated that coupling AI with organs-on-chips enabled automated analysis of multiparametric physiological data, thereby improving model validation and facilitating regulatory evaluation (Deng et al., 2023). He reported that AI-organoid platforms significantly accelerated drug discovery by enhancing compound screening efficiency and reducing reliance on animal-based assays. Zushin et al. highlighted the U.S. FDA policy transition from regulatory animal testing and emphasized AI-facilitated NAMs’ ability to deliver human-relevant, policy-conforming data suitable for regulatory submission (Zushin et al., 2023). As a body of research, these studies as a whole individually provide robust evidence that AI-augmented NAMs are improved in terms of reproducibility, translational fidelity, and ethical sustainability, thus underscoring them for wider biomedical research mainstreaming as well as regulatory adoption.

AI–3Rs interaction may be visualized as a looped back system with—i) input: multi-omics, images, and clinicals (human-relevant resources); ii) AI processing: algorithmic modeling with feature extraction for biological forecasting; iii) output: human-relevant safety or efficacy endpoints validated through NAMs; iv) feedback loop: regulatory benchmarking as well as ethical steering feedback to algorithm refinement (Figure 1). This model ensures that AI implementation not only replaces animal models but also enhances scientific thought itself, leading to ethically aligned innovation.

[image: Flowchart illustrating the integration of artificial intelligence in research. On the left, animal experimentation, including in vivo testing and toxicity studies, transitions through multi-omics data and high content imaging towards AI-driven predictive modeling. On the right, AI applications are shown as replacement, reduction, and refinement with AI in silico models and digital twins. Ethics and regulatory enablers include FDA Modernization Act 2.0. Ethical burden reduction and validation are emphasized. Central AI graphic symbolizes the process.]
Figure 1 | AI-driven transformation of the 3Rs framework in biomedical research: Artificial intelligence integrates data from in vitro, in silico, and clinical sources to create predictive models that emulate human biology. These models enable replacement (computational substitution of animal tests), reduction (optimized experimental design and digital twins), and refinement (improved welfare through predictive analytics). Regulatory frameworks such as the FDA Modernization Act 2.0 and EU REACH provide validation pathways that complete the ethical feedback loop toward humane, reproducible science. (NAMs, new alternative methodologies).




8 Ethical, regulatory, and policy dimensions

The possibility of AI-based non-animal methods depends not only on scientific validation but also on validation from regulators as well as policymakers. The past few years have witnessed rapid evolution in the acceptance of AI under the international biomedical regulatory system. The regulatory system of AI in biomedical research on a global scale is mentioned as follows:



8.1 The United States: FDA modernization and data-driven regulation

The FDA Modernization Act 2.0 (2023) is a landmark preclinical testing requirements reform in the United States. The act officially approves AI-dependent, in vitro, and in silico methods as scientifically qualified animal testing alternatives for drug safety and efficacy assessment. The regulatory shift from prescriptive animal data utilization to performance-based validation of predictive ability is a significant one. The United States National Center for Advancing Translational Sciences (NCATS) and Tox21 partnership have created AI-augmented testing pipelines that determine toxicity, metabolism, and pharmacodynamics with human-relevant datasets. The platforms yield regulatory-quality evidence of AI model prediction validity for decision support applications. Prominently, the FDA includes model transparency, explainability of algorithms, and origin of data as regulatory submission requirements, bringing 3Rs’ ethical principles up to date with AI innovation (Zushin et al., 2023).




8.2 Europe: European Medicines Agency and registration, evaluation, authorization, and restriction of chemical frameworks

The European Medicines Agency (EMA) published its AI roadmap (2025) as part of a complete vision to introduce responsible AI to life science-related drug manufacturing and pharmacovigilance. The roadmap highlights traceability, accountability, and human oversight to ensure that AI-driven decision-making is scientifically and ethically robust (Artificial intelligence workplan to guide use of AI in medicines regulation, 2023). Meanwhile, the European Union’s REACH (Registration, Evaluation, Authorization, and Restriction of Chemicals) legislation promotes AI-accelerated toxicity forecasting to reduce vertebrate testing (Hartung, 2019). The OECD Test Guidelines have been supplemented with computational validation modules, encouraging interoperability of AI algorithms with standardized toxicological endpoints. Together, these EU frameworks serve as an example of a unifying approach in which AI tools are harnessed as drivers of ethical science that unite the 3Rs in legislative and operational directives.




8.3 Asia and the global south: emerging adaptation

At the regional levels within Asia, interest in AI’s potential through regulatory means is gaining ground. India’s CCSEA (Committee for Control and Supervision of Experiments on Animals) gives its approval to computational toxicology approaches in institutional animal ethics policies. South Korea and Japan also unveiled national AI platforms on chemical risk assessments that are based on non-animal models, aligning with those of OECD guidelines. The regional efforts are indicative of a future proactive conformity of AI adoption within welfare-based policy intents across regulatory jurisdictions.




8.4 International ethical frameworks: World Health Organization and United Nations Educational, Scientific, and Cultural Organization

In addition to technical vetting, appropriate utilization of AI in biomedical research is required to align with international norms of fairness, transparency, and accountability. The WHO (2024) and UNESCO (2023) have published AI ethics guidelines emphasizing human control, explainability, and fairness in scientific usage. When generalized to non-animal biomedical methods, such moral principles guarantee that innovation makes no compromise on inclusivity or integrity. They generalize then 3Rs philosophy originally developed within the animal welfare framework to a generic maxim of fair as well as responsible science.




8.5 Toward regulatory convergence

Even as subregional variations continue, confluence across the FDA, EMA, OECD, and WHO guidelines translates to a worldwide course for validation of data as the new gold standard for preclinical research. AI, when followed transparently and benchmarked independently, provides regulators with accuracy, reproducibility, and moral certainty to eschew conventional animal experiments. Further international cooperation, capacity building, and cross-sector communication will be required to translate these regulatory hopes into sustained practice.





9 Challenges and limitations of AI in biomedical research

Despite AI’s potential, several important challenges remain:

• Model validation and reproducibility: Reproducibility is once again the cornerstone of scientific dependability. However, AI models that are trained on heterogeneous data are typically context-dependent and variable and produce conflicting predictive results. Algorithmic structural variations, feature selection, and even variations in the preprocessing of data can produce conflicting results even when used on related biological problems. Establishing open validation pipelines is thus central. Cross-laboratory benchmarking, comparing AI results with standard in vitro as well as historical in vivo data, can give empirical evidence for predictive dependability. Pilot projects such as OECD’s AI Test Guideline Pilot as well as Tox21 validation schemes are central in ensuring algorithm reproducibility analogous to traditional bioassay reproducibility (Yeung, 2020).

	The “black box” problem: Many models, especially deep-learning models, are not interpretable, so clinicians cannot determine how decisions are reached and become distrustful and lose accountability. Techniques such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) are increasingly utilized for justifying model output, highlighting biologically relevant features, and reducing algorithmic bias. Proper documentation of training datasets as well as model parameters is critical for scientific as well as ethical accountability (Hassija et al., 2024).

	Dependence on data quality: Good AI depends on big, well-annotated, high-quality datasets; noisier or low-quality datasets will produce non-trustworthy models. The creation of globally representative datasets through international collaboration is needed to enable generalizability. Data curation best practices from initiatives such as FAIR (Findable, Accessible, Interoperable, Reusable) principles aid transparency and help avoid duplication of efforts as well as cross-disciplinary interoperability (Wilkinson et al., 2016).

	Workflow integration. Integration of AI tools with research and clinical workflows is typically difficult and introduces resistance in everyday practice.

	Security and privacy risks: AI applications are vulnerable to cyberattacks and can facilitate fast collation of confidential patient information that escalates risks of data breach as well as unauthorized disclosure without patient approval as well as adequate control (Li et al., 2025).

	Ethical complexities: The ethics questions are those of data protection, informed consent for datasets of human origin, and algorithm fairness when predictive models are used to inform regulation or clinical decisions. There is a shared doctrine of ethics required for research that relies on AI so that scientific progress can be balanced with moral responsibility. While it comes with numerous prospects, AI also brings new challenges that require adapted regulatory and governance structures for biomedical applications (Jha et al., 2023; Morone et al., 2025).



These trade-offs of benefits against unresolved questions of AI in biomedical studies are detailed in Table 2.


Table 2 | Advantages and challenges of AI in biomedical research.
	Category
	Advantages
	Challenges



	Scientific value
	- High-throughput data analysis (Diaconu et al., 2023)
- Identifies overlooked patterns (Serrano et al., 2024)
	- “Black box” opacity hinders trust (Boudi et al., 2024)
- Data quality dependence


	Operational impact
	- Reduces drug discovery costs (Burki, 2020)
- Optimizes clinical trial design (Huang et al., 2024)
	- Integration into existing workflows
- Cybersecurity vulnerabilities (Li et al., 2025)


	Ethical/social
	- Enables personalized medicine (Li et al., 2024)
- Reduces animal testing (Chan et al., 2019)
	- Algorithmic bias perpetuates disparities (Weiner et al., 2025)
- Privacy/consent risks (Li et al., 2024)


	Regulatory
	- Improves risk assessment accuracy (Abbas et al., 2024)
	- Lack of guidelines for deployment (Jha et al., 2023)
- Accountability gaps (Morone et al., 2025)










10 Future directions

Biomedicine’s AI is moving fast, with new tools coming online regularly. As those methodologies mature, they are well-positioned to become increasingly powerful drivers of discovery and improved patient outcomes. Making that happen will require continued close collaboration among data scientists, clinicians, and bench researchers so that models address meaningful clinical problems and become part of practice. AI mines significant patient datasets to discover patterns to forecast personal disease risk. It can yield improved healthcare through the provision of accurate, up-to-date information to physicians. There are tools under development for diagnoses, treatment planning, and drug discovery (Maleki Varnosfaderani and Forouzanfar, 2024). The implementation of medical AI is highly promising but is awaited by healthcare policies in matters of ethics as well as finance (Iqbal et al., 2021). AI is going to revolutionize biomedical research with novel methods of understanding diseases, the discovery of drugs, and healthcare (Jeyaraman et al., 2023). It is transforming the delivery of healthcare and the clinician–patient relationship (Alanazi, 2023). To realize maximum potential for AI in healthcare, interdisciplinary collaboration, ethical principles, and patient protection are a necessity (Yelne et al., 2023). Future research needs to overcome AI’s limitations to ensure responsible and ethical use (Mennella et al., 2024; Uygun İLiKhan et al., 2024). Priority areas and implementation needs for future research are provided in Table 3.


Table 3 | Future directions for AI in biomedicine.
	Focus area
	Goals
	Requirements



	Clinical integration
	Proactive, patient-centered healthcare (Alowais et al., 2023)
	Interdisciplinary collaboration (clinicians/data scientists) (Alowais et al., 2023)


	Drug development
	Accelerate repurposing via drug–disease matching (Kolluri et al., 2022)
	Robust validation frameworks (Mennella et al., 2024)


	Ethical governance
	Ensure transparency/explainability (Boudi et al., 2024)
	New regulations for data privacy and bias mitigation (Kim et al., 2023)


	Public health
	Translate genomic/omics data into therapies (Alowais et al., 2023)
	Patient rights protection and consent protocols (Li et al., 2024)










11 Conclusion

In conclusion, AI has the potential to transform biomedical research through diminished dependence on animal models, faster drug discovery, improved disease modeling, and personalized medicine. Future undertakings should involve minimizing AI’s limitations to facilitate its ethical, responsible use toward human health improvement.
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