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Abstract


The convergence of artificial intelligence (AI) and organoid technology represents a transformative advance toward precision and predictive medicine. Organoids derived from pluripotent stem cells or patient tissues provide physiologically relevant three-dimensional models that recapitulate key aspects of native organ architecture and function. However, intrinsic biological heterogeneity, high-content imaging outputs, and dynamic spatiotemporal processes pose significant analytical challenges that exceed the capacity of conventional approaches. Recent advances in AI and machine learning enable automated image segmentation, quantitative morphometric profiling, and predictive modeling of organoid growth, differentiation, and therapeutic response, thereby enhancing reproducibility and translational relevance. The integration of multimodal datasets, including imaging, genomics, transcriptomics, epigenomics, proteomics, and metabolomics, has further enabled the development of organoid-based digital twins and in silico disease simulations to optimize personalized therapy. AI-enabled organoid-on-a-chip platforms, cloud-based analytics, and federated learning frameworks are accelerating the emergence of scalable, privacy-preserving, and data-driven biomedical ecosystems. Despite these advances, critical challenges persist, including data standardization, model interpretability, ethical governance, and clinical validation. In contrast to existing reviews that emphasize isolated AI applications, this study proposes a unified translational framework integrating AI-driven image analytics, multi-omics integration, digital twins, and organoid-on-a-chip systems within a precision medicine paradigm. By synthesizing current developments, methodological advances, and emerging trends, this study highlights how AI-powered organoid platforms can bridge experimental biology and clinical decision-making, with broad implications for drug discovery, disease modeling, and regenerative medicine. This review aims to provide a comprehensive overview of artificial intelligence–enabled organoid platforms by integrating advances in image analytics, multi-omics data integration, digital twins, and microphysiological systems, while highlighting their potential applications and future directions in precision medicine, drug discovery, and regenerative healthcare.
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1. Introduction


The emergence of three-dimensional (3D), self-organizing tissue systems has marked an important milestone in the advancement of modern biomedical research. In contrast to the conventional two-dimensional (2D) cell cultures, the new tissue systems, referred to as organoids, closely mimic the fundamental features of human organ structure and functional organization. These advancements have provided a more physiologically relevant in vitro system for the investigation of human development, disease mechanisms, and therapy [1]. Organoids grown from pluripotent stem cells, adult stem cells, and patient biopsies closely mimic the fundamental features of native tissues and thus have emerged as an important tool in the field of biomedical research. Organoids have found significant applications in the field of developmental biology, disease modeling, drug discovery, and therapy [2]. The past decade has witnessed major advancements in the field of organoids. These advancements include the development of improved extracellular matrices, synthetic scaffolds, directed differentiation protocols, microfluidics, and long-term culture technologies.



The increasing intricacy and multidimensionality of data generated by organoid systems have posed a major analytical challenge. Organoid systems are inherently associated with the generation of high-content data, including time-lapse imaging, morphodynamics, functional data, and omics data, all of which exhibit significant biological and spatiotemporal heterogeneity. However, the existing analytical tools and approaches may not be sufficiently effective in handling the non-linear interactions and multidimensionality of the data. Artificial intelligence (AI) has rapidly emerged as a revolutionary analytical tool in biomedical sciences. The recent advancements in the field of machine learning (ML), deep learning (DL), generative modeling, and computer vision have enabled the extraction of complex patterns and features from large and multidimensional data sets, often beyond the scope of existing rule-based and human analytical approaches [3]. The ability of AI to integrate feature extraction, non-linear relationship analysis, and multidimensional data analysis makes it particularly relevant in addressing the analytical challenges associated with organoid systems [4].



The integration of AI with organoid technology represents a disruptive paradigm in computational precision medicine. It allows the development of automated image segmentation, quantitative phenotypic profiling, inferring developmental trajectory, quality control, predicting treatment outcomes, and evaluating the reproducibility of experimental data, thus significantly enhancing the interpretability of organoid technology [5].



The amalgamation of AI with organoid technology not only streamlines the process of organoid technology but also enables the translation of complex experimental data into clinically relevant knowledge. AI-based frameworks enable multimodal data integration, thereby transforming organoid platforms from descriptive biological systems into quantitative and predictive analytical tools.



The interplay between AI and organoid biology has also driven innovation in next-generation translational technologies that include digital twins, in silico disease models, cloud-based data ecosystems, and intelligent organoid-on-a-chip technologies that have real-time biosensing capabilities [6]. Such integrated frameworks are expected to play a critical role in simulating disease progression and iteratively optimizing treatment strategies based on patient-specific and personalized models of therapy. As computational models become increasingly refined, their integration with experimental models such as organoid biology will reduce the translational gap between preclinical studies and clinical applications, thereby advancing precision medicine.



Despite rapid advances in both organoid biology and artificial intelligence, a comprehensive synthesis integrating AI-driven image analytics, multi-omics data integration, digital twin technologies, federated learning, and organoid-on-a-chip systems within a unified precision medicine framework remains lacking in the literature. AI-driven organoid biology can be viewed as a multi-step translational workflow involving organoid biology, high-content data acquisition, as well as AI-driven data analytics and interpretation. Patient- or stem cell-derived organoids can be viewed as biologically relevant surrogates that can generate multi-dimensional data ranging from imaging to functional studies as well as multi-omics studies [7]. Furthermore, the application of AI can transform organoid biology into a scalable platform through automated feature extraction, phenotypic classification, and prediction, etc.



The integration of AI with multi-omics and time-resolved imaging enables the development of computational counterparts in the form of organoid-based digital twins that can simulate disease progression and therapeutic response. When combined with organoid-on-a-chip technologies and biosensing, this enables the optimization and adaptive intervention strategies. At the same time, the implementation of cloud infrastructures and federated learning paradigms ensures the secure and privacy-preserving data integration across distributed research environments, thus enhancing the translational pipeline [8].



This review aims to address the critical gap by systematically integrating computational intelligence with 3D organoid biology to present a unified, systems-level roadmap for precision medicine. By critically evaluating methodological advancements, translational readiness, and regulatory considerations, this work delineates how AI-enabled organoid platforms can be harnessed to drive predictive, patient-specific clinical decision-making and accelerate the realization of next-generation precision healthcare.




2. Organoid Technology: Biological Foundations and Advances


Organoid technology has already become an established paradigm of current biomedical research because of its capability to produce three-dimensional (3D), self-organizing tissue models that effectively mimic major structural, cellular, and functional properties of human organs. Organoid models, derived either from pluripotent stem cells, adult stem cells, or tissues of a patient, fill the gap between the traditional two-dimensional (2D) cell cultures and in vivo systems as they recapitulate tissue architecture, lineage diversity, and physiologically relevant cell–cell and cell–matrix interactions. Due to these features, organoids have become widely recognized as powerful systems for studying human development, disease processes, drug action, and individualized approaches to therapy. Recent discoveries in the field of the biology of stem cells, biomaterials, and bioengineering have greatly enhanced the reproducibility of organoid systems, their physiological fidelity, and translatability [9].



2.1. Biological Basis and Self-Organization of Organoids


The basic ability of stem cells to form complex tissue-like structures, which are subject to coordinated proliferation, differentiation, and spatial patterning, is the key element of organoid technology. Organoids are grown from pluripotent stem cells (PSCs), adult stem cells (ASCs), or patient-derived tissues, depending on the advantages of each in addressing the biological question [10]. Organoid self-assembly is initiated when stem cells are cultured within a supportive three-dimensional extracellular matrix environment and exposed to defined biochemical cues that mimic embryonic development and tissue regeneration [11]. The process is regulated by key developmental signaling pathways, including Wnt/β-catenin, Notch, BMP, FGF, and Hedgehog pathways, which coordinate stem cell maintenance, lineage commitment, proliferation, and spatial organization. Successful organoid formation further requires appropriate extracellular matrix support, growth factors, nutrient availability, oxygen diffusion, and controlled physicochemical conditions that facilitate cell–cell and cell–matrix interactions [12]. Under these conditions, stem cells undergo self-organization and morphogenesis, leading to the emergence of tissue-specific architectures that closely resemble their in vivo counterparts. They are activated to differentiate along their lineages and morphogenize by activating developmental signaling pathways and interactions with components of the extracellular matrix, and can recapitulate native tissue architecture and physiology [13]. This self-assembly process allows organoids to mimic human-specific biological functions that are hard to reproduce in conventional in vitro or animal models.




2.2. Classification of Organoids Based on Origin and Application


Organoids may be classified into broad categories based on cellular origin and purpose. Organoids derived from stem cells, and induced pluripotent stem cells (iPSCs) in particular, have been developed as renewable, scalable platforms for investigating early developmental events, congenital disorders, and genetically inherited diseases [14].



Adult or tissue-specific stem cell organoids preserve the original epithelial hierarchy and tissue identity. They are therefore suitable for the study of organ-specific homeostasis, regeneration, and organ-specific physiological responses [15]. Patient-derived tumor organoids (PDTOs) have become the focus of a considerable amount of attention in the context of oncology because they have the potential to maintain intra-tumoral heterogeneity, clonal evolution, and mechanisms of resistance to therapy that are evident in primary tumors [16]. Therefore, PDTOs are effective ex vivo systems of drug sensitivity and personalized therapeutic decision-making.



In addition to classification based on cellular origin, organoids may also be categorized according to the target organ or tissue they recapitulate. These include brain, intestinal, liver, kidney, lung, retinal, cardiac, pancreatic, and tumor organoids, each designed to mimic key structural and functional characteristics of their native tissues [17]. Such organ-specific models have become valuable tools for studying tissue development, disease mechanisms, drug responses, and regenerative medicine applications.



Organoids may further be classified based on the methodology employed for their generation and culture (Figure 1). Conventional extracellular matrix–embedded organoids remain the most widely used approach; however, scaffold-based cultures, air–liquid interface systems, suspension cultures, microfluidic organoid-on-a-chip platforms, and three-dimensional bioprinting technologies have emerged as advanced methodologies for generating physiologically relevant and functionally complex organoid models [18,19].




2.3. Advances in Organoid Culture Systems and Maturation Strategies


There has been a substantial advancement in the methodology that has led to an increase in the physiological relevance and reproducibility of organoid cultures. Synthetically defined hydrogels with controllable mechanical and biochemical characteristics have decreased the use of animal-derived matrices, such as Matrigel, which allows enhanced experimental control and standardization [20]. Using these engineered matrices, one can modulate with exact precision extracellular cues that regulate the stem cell fate and morphogenesis of tissue.



Several organoid culture systems have been developed to support different experimental objectives and levels of tissue complexity. Matrix-embedded cultures, typically utilizing Matrigel or synthetic hydrogel matrices, remain the most widely used approach and provide a three-dimensional microenvironment that facilitates stem cell proliferation, self-organization, and tissue morphogenesis [21]. Suspension culture systems enable the generation of free-floating organoids and are particularly advantageous for large-scale expansion and high-throughput applications [22]. Air–liquid interface (ALI) cultures provide improved oxygenation and support the maintenance of epithelial, stromal, and immune cell interactions, thereby enhancing tissue complexity and physiological relevance [23]. More recently, microfluidic organoid-on-a-chip platforms have enabled dynamic perfusion, controlled biochemical gradients, and real-time monitoring of organoid behavior, further improving the fidelity of in vitro tissue modeling [24].



The expansion platforms based on bioreactors have also promoted the production of large quantities of organoids by enhancing nutrient and oxygen uptake relative to that in the case of stationary cultures. Directed differentiation programs have been refined to produce brain, intestinal, hepatic, renal, and retinal organoids with a higher level of lineage specificity and functional maturation [25]. The complexity and functional potential of organoid systems have also been increased by the use of air-liquid interface culture and controlled luminal fluid flow, especially in the context of the simulation of cancer progression and dynamic disease progression.




2.4. Biological Variability and Translational Limitations


While substantial progress has been achieved, persistent challenges continue to impede the effective translation of organoid platforms into clinical applications. The critical challenge to experimental reproducibility is biological variability arising from donor-specific factors, heterogeneity among stem cell lines, and batch-to-batch variability in culture conditions [26]. In addition, not all organoid models can reach complete tissue maturation, especially of late fetal or adult phenotypes, and are thus constrained by clinical applicability.



Structural limitations, including inadequate vascularization, constrain long-term growth, nutrient diffusion, and physiological remodeling in larger organoid constructs. Interpretive protocols that are labor-intensive, variation efficiencies, and continuous optimization, which must be performed across various types of organoids, are further barriers to scalability. It is necessary to overcome these limitations to enable the clinical application of organoids.




2.5. Necessity of Advanced Computational and AI-Based Analysis


Organoids also naturally produce high-dimensional time-series images, morphological dynamics, lineage signatures, and multi-omics data that are complex and high-dimensional multilayered datasets [27]. This limitation is addressed by artificial intelligence (AI) and deep learning technologies, which enable automated feature extraction, quantitative phenotyping, and the identification of subtle morphological and molecular patterns beyond the capabilities of traditional histological and immunohistochemical analyses [28].



The tools of the analytical framework based on AI can also aid in quality control, culture readout standardization, and objective quantification of organoid phenotypes, which contribute to increasing reproducibility and scalability. With the expanding application of organoid platforms, AI is essential for scalable analysis and translational advancement [29].




2.6. Organoids as AI-Ready Platforms for Precision Medicine


Even though the organoid technology is now in its mature stages, it is becoming more complex biologically and thus requires more advanced analytical methods. Artificial intelligence has ceased to be a complementary element and forms a part of the solution to current restrictions, with the ability to realize the full potential of organoid-based research [30]. The intersection of organoid biology and AI creates a solid platform in the areas of multidimensional information integration, predictive modeling, and clinical translation.





3. Artificial Intelligence Applications in Organoid Research


Artificial intelligence (AI) has emerged as a foundational enabler, transforming organoid research into a quantitative, predictive, and scalable discipline, thereby advancing these systems beyond purely descriptive three-dimensional models. The organoid cultures themselves produce high-dimensional data, such as brightfield and fluorescence images, time-lapse videos, morphometric features, functional outputs, and multi-omics measurements [31]. The complexity of these datasets cannot be effectively addressed using conventional analytical methods in a reproducible and scalable manner. The AI-based approaches based on deep learning, machine learning, and generative modelling offer powerful computational platforms of automated feature detection, pattern recognition, predictive modelling, and experimental optimization (Figure 2), as mentioned in Table 1.



3.1. AI-Based Image Segmentation and Morphometric Analysis


Direct imaging is the most well-developed and commonly used application of AI in organoid studies. Analysis of the spatial structure and morphogenesis is complex for high content imaging organoids data, because it is characterized by strong structural heterogeneity, a large temporal range, a non-linear morphogenesis process, and variable illumination. Deep learning architectures, including convolutional neural networks (CNNs), U-Net structures, and vision transformers, have been found to be highly accurate in automated organoid segmentation, boundary determination, lumen detection, and branching morphogenesis analysis [39].



Recent studies have reported that U-Net-based and related deep learning architectures can achieve high segmentation performance in organoid imaging datasets, frequently demonstrating Dice similarity coefficients and segmentation accuracies exceeding 85–95% under controlled experimental conditions [40]. Nevertheless, despite their strong analytical performance, most image-segmentation platforms remain at a preclinical research stage of development and have not yet undergone extensive multicenter validation [41]. Variability in imaging modalities, organoid morphology, culture conditions, and annotation standards continues to limit model generalizability and clinical applicability. Consequently, standardized imaging workflows, benchmark datasets, and cross-institutional validation studies remain essential for advancing these technologies toward routine translational and clinical use [42].



AI-driven computational pipelines facilitate robust characterization and quantitative analysis of organoid size through integrated lumen and organoid space metrics, alongside comprehensive evaluation of morphometric complexity, lumen architecture, and spatial cellular organization across individual organoids and entire populations [43]. By mitigating observer bias and providing a tool for high-throughput morphometric profiling, AI-based segmentation has converted an assessment of quality to quantitative phenotyping of organoid imaging. These abilities are advantageous for comparative studies that use genetic perturbations, disease modeling, and pharmacological screening [44].



Despite the performance of image-based AI models, they remain sensitive to differences in imaging protocol and culture conditions or laboratory-specific practices, emphasizing the requirement for standardized data acquisition and cross-site validation approaches.




3.2. Prediction of Organoid Growth and Developmental Trajectories


The analysis of static images, AI makes it possible to predict the dynamics of organoid growth and development. Temporal imaging with recurrent neural networks (RNNs) and long short-term memory (LSTM) models, among other time-sequential deep learning models, enables the prediction of the size expansion, structural regeneration, and differentiation of an organoid [44].



Through these models, essential developmental stages can be identified, aberrant morphogenesis can be predicted, and culture failure or lineage bias can be predicted at an early stage. Predictive growth modeling offers operationalizable data on protocol optimization, such as optimization of differentiation timing, nutrient supplementation, and environmental modulation. The integration of trajectory prediction models is transforming organoid research from a retrospective analytical paradigm into a proactive, predictive experimental framework [45].



These models have a high degree of predictive accuracy but low levels of biological understanding. Hybrid models combining AI predictions with mechanistic or rule-based developmental models are also receiving more attention to achieve explanations and translational confidence.




3.3. AI-Driven Automated Quality Control (QC) of Organoid Cultures


Biological variability and batch-to-batch variation are key impediments to the scalability, reproducibility, and applications of organoid systems for clinical use. AI-based QC pipelines have been established to automatically analyze organoid viability, morphological stability, homogeneity, and experimental suitability.



Machine learning classifiers and ensemble models can quickly discern faulty organoids, find outliers, and measure batch heterogeneity based on both image-derived and functional attributes. Automated QC workflows would be particularly important for clinical-grade organoid biomanufacturing and pharmaceutical screening, where reproducibility and standardization are necessary [46].



By incorporating QC early in the experiments, AI systems decrease the rate of experiment failure downstream, promote reproducibility between labs, and enable large-scale organoid fabrication lines that are suitable for translational and industrial usages.




3.4. AI-Enabled Drug Screening and Phenotypic Profiling


AI-enabled phenotypic profiling has greatly improved the sensitivity and predictiveness of organoid-based drug discovery systems. Deep learning–based classifiers are able to find subtle, multidimensional morphological and functional effects of drug treatment that are often imperceptible to human observers [47].



By clustering phenotypic signatures and connecting these to molecular and functional readouts, AI models also allow accurate classification of drug response/toxicity/resistance patterns with greater resolution. This concept thus better enables hit scoring, reduces false negatives, and enables logical selection of lead candidate compounds before clinic testing.



Integration of AI-phenotypic screening with patient-derived organoids provides a robust platform for personalized therapy selection, enabling prediction of individual drug sensitivity profiles and resistance mechanisms [48]. Studies have further demonstrated the utility of AI-assisted organoid screening platforms in precision oncology and drug discovery. Machine learning and deep learning models have been applied to patient-derived tumor organoids to predict therapeutic responses, identify resistance-associated phenotypes, and prioritize candidate drugs based on multidimensional imaging and molecular datasets [49]. The integration of high-content imaging with transcriptomic and functional readouts has enhanced treatment-response prediction and patient stratification. For example, Huang et al. [50] utilized image-based profiling combined with deep learning to reveal morphological heterogeneity in colorectal cancer organoids, highlighting the ability of AI-assisted imaging platforms to identify clinically relevant phenotypic variations and support precision oncology applications, while Thielen et al. [51] utilized patient-derived organoids for high-throughput screening of novel drug combinations, demonstrating the potential of organoid-based platforms to support precision drug discovery and therapeutic optimization. Nevertheless, challenges remain, including variability in organoid culture protocols, limited annotated datasets, difficulties in cross-laboratory validation, and the limited interpretability of deep learning models, emphasizing the need for explainable and standardized AI frameworks for clinical translation.




3.5. AI-Based Integration of Multi-Omics Data in Organoid Systems


Organoid experiments generally yield data-rich multi-omics datasets, including genomics, transcriptomics, epigenomics, proteomics, and metabolomics measurements, often along with imaging and functional data. Integration of these heterogeneous data layers using an AI approach enables the identification of nonlinear, context-dependent relations that cannot be captured by traditional statistical techniques [52].



Autoencoders, graph-based neural networks, and multimodal fusion architectures are also becoming more common for inferring shared latent representations that couple molecular signatures to morphological or functional phenotypes. This integrative analysis enables biomarker identification, pathway inference, and insights into disease progression and response to therapy in organoid models [53].



AI-enabled multi-omics integration is especially useful in patient-derived tumor organoids as it relates genetic diversity with phenotypic heterogeneity for patient subgrouping and precision oncology applications. Advances in single-cell sequencing, spatial transcriptomics, and integrative multi-omics technologies have further expanded the scope of AI-driven analyses in organoid systems. Several studies have demonstrated that graph neural networks, variational autoencoders, and multimodal deep learning frameworks can effectively integrate heterogeneous datasets to uncover molecular pathways associated with disease progression, therapeutic resistance, and cellular plasticity [54]. For example, Azbukina et al. [55] developed a single-cell multi-omic atlas of midbrain and hindbrain organoids and integrated morphogen screening approaches to characterize cellular heterogeneity and inform organoid engineering, highlighting the power of data-driven multi-omics integration in organoid research. However, challenges remain regarding data harmonization, batch effects, computational complexity, and biological interpretability of integrated models. Furthermore, the lack of standardized analytical pipelines and independently validated datasets continues to limit the reproducibility and clinical translation of AI-enabled multi-omics approaches [56].



Although AI-enabled multi-omics integration has demonstrated considerable potential for biomarker discovery, disease stratification, and therapeutic response prediction, most current applications remain at the proof-of-concept or early translational stage (TRL 3–4) [57]. The successful implementation of digital twin frameworks will require robust integration of longitudinal multi-omics datasets, standardized data processing pipelines, and clinically validated predictive models [58]. Consequently, challenges related to data interoperability, scalability, regulatory acceptance, and real-world clinical validation remain major bottlenecks to widespread adoption.




3.6. Generative Modeling for Synthetic Data Generation and Experimental Simulation


Generative AI models such as Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs) are promising approaches to deal with the inherent data sparsity and limitations of endpoint experiments in organoid research [59]. Such artificial images and molecular profiles can be used to augment the training data for deep learning systems, in which case biologically realistic models would not be generated.



In addition to augmentation, generative models can also be employed to simulate perturbation effects in silico on endogenous data, helping researchers explore hypothetical experimental conditions (e.g., disease states or drug responses), design experiments with reduced wet-lab burden, and predict pressure response. These capabilities improve reproducibility and speed up the discovery cycle. Stringent biological validation of outputs from generative models is required to avoid model hallucination and promote translational fidelity [60]. Developments in generative AI have expanded its applications beyond data augmentation to include virtual organoid generation, image-to-image translation, missing-data imputation, and prediction of molecular responses under diverse experimental conditions. Several studies have demonstrated that GANs, VAEs, and diffusion-based models can generate high-fidelity synthetic imaging and multi-omics datasets that facilitate model training and hypothesis generation in data-limited settings [61]. For example, GAN-based frameworks have been successfully employed to generate realistic biomedical and organoid imaging datasets for data augmentation and phenotypic analysis, while VAE-based models have been used to reconstruct latent biological representations and predict molecular responses across complex cellular systems [62,63]. Despite these advances, concerns remain regarding the biological validity, reproducibility, and interpretability of synthetic outputs, particularly when models are trained on limited or biased datasets. Consequently, rigorous benchmarking, external validation, and integration with experimental evidence remain essential to ensure the reliability and translational applicability of generative AI approaches in organoid research.




3.7. AI-Driven Real-Time Monitoring and Control in Organoid-on-a-Chip Platforms


As the organoid systems extend to higher-order structures such as organoid-on-a-chip and multi-organoid culture, AI enables real-time monitoring and adaptive control. Through reinforcement learning algorithms, sensors incorporating AI models in combination with computer vision systems allow for the dynamic monitoring of morphological, biochemical, and physiological signals produced in micro-physiological systems.



These AI-guided control systems may also automatically modify perfusion rates, mechanical cues, and biochemical gradients toward the optimal culture condition or drive organoid development into specific phenotypes. When combined with multi-organoid systems, AI can be used for simulating inter-organ communication, drug circulation, and systemic response [64].



These adaptive platforms consequently represent a fundamental step toward an autonomous, self-optimizing organoid laboratory and scalable translational biomedical ecosystems.



High-content organoid images and live-imaging data are analyzed using AI-based segmentation and feature extraction to provide descriptions of morphological properties, including size, lumen formation, and structural complexity. The acquired morphometric features enable phenotypic classification of healthy and disease-related organoids, as well as drug sensitivity/resistance. A predictive modelling algorithm combined longitudinal imaging data to predict growth dynamics and treatment responses of organoids for disease modelling, drug testing, and personalized therapeutic screening [65]. Recent advances in AI-integrated organoid-on-a-chip systems have expanded the capabilities of real-time monitoring and adaptive experimental control. Biosensors, microfluidic devices, and computer vision algorithms enable continuous assessment of physiological and functional parameters. For example, biosensor-integrated microfluidic platforms combined with machine learning algorithms have demonstrated the ability to monitor tissue behavior and dynamically optimize culture conditions [66]. Furthermore, multi-organoid chip systems integrated with AI have shown promise for modelling inter-organ interactions and predicting systemic drug responses [67]. However, challenges related to sensor standardization, data integration, computational complexity, and reproducibility continue to limit widespread implementation.



Despite encouraging experimental demonstrations, AI-driven adaptive control systems and reinforcement learning-based organoid-on-a-chip platforms remain at an early stage of technological development (approximately TRL 2–4) [68]. Most current studies are limited to laboratory-scale proof-of-concept investigations, and few have undergone rigorous validation across diverse organoid models or experimental settings [69]. Key bottlenecks include sensor reliability, platform interoperability, scalability, real-time data processing requirements, and the lack of standardized validation frameworks. Consequently, substantial technological refinement and translational validation will be required before these systems can be routinely deployed in preclinical or clinical applications.





4. AI-Integrated Multi-Omics for Organoid Characterization


Organoid systems inherently capture complex biological heterogeneity arising from dynamic gene expression, spatial organization, cell–cell interactions, and microenvironmental gradients. Single-modality analysis can provide only limited insight into the multilayered regulatory program governing organoid formation, disease development, or treatment response. The addition of multi-omics analyses, such as genomics, transcriptomics, epigenomics, proteomics, and metabolomics, has become essential for the comprehensive characterization of organoids [70].



Nonlinear pattern detection, dimensionality reduction, and multimodal data integration are facilitated by artificial intelligence (AI), which is pivotal for retrieving biologically coherent knowledge from high-dimensional, heterogeneous datasets. Artificial intelligence-embedded multi-omics analyses transform organoids from descriptive experimental systems into predictive and mechanistically interpretable platforms for precision medicine [71].



4.1. Rationale for Multi-Omics Integration in Organoid Systems


Organoids mimic the complexity of the tissue-level that results from coordinated molecular and cellular events across several biological scales. Genomic diversity, transcriptional kinetics, epigenetic controls, protein abundance, and the net flow of metabolites together define organoid states and functional activities. Analysis of single omics layers does not reveal such interdependencies [72].



By integrative multi-omics analyses, organoid biology is viewed from a whole perspective (Figure 3), connecting molecular regulation factors to spatial organization, morphological diversity, and functional activities. However, these datasets are typically high-dimensional and noisy, with the presence of batch effects and non-linear relationships. AI-guided analytical frameworks are particularly well positioned to meet those challenges, theoretically enabling the identification of hidden biological states that play a role in development, disease, and response to therapeutic intervention [73].




4.2. AI-Driven Genomic and Transcriptomic Analysis in Organoids


Artificial intelligence (AI) methodology considerably improved the analysis of organoid-related genomic and transcriptomic information. Deep learning (DL) models, autoencoders, and graph-based methods for dimensionality reduction are effective at capturing biologically relevant variation in bulk and single-cell sequencing data.



In organoid model systems, such representations help reveal transcriptional programs that underlie lineage specification and differentiation trajectories, tumour evolution, and drug resistance. Single-cell RNA-seq can be integrated with spatial transcriptomics via AI-based fusion techniques to reconstruct high-resolution gene-expression maps within tissue-like organoid structures [74]. This capacity is especially important for overcoming the intratumoral heterogeneity observed in patient-derived tumor organoids and for following developmental dynamics in stem cell–derived models.




4.3. Epigenomic and Regulatory Network Inference Using AI


Epigenomic profiling also plays a significant role in learning about the controlling steps that determine the development of organoids and pathogenic phenotypes. Pattern recognition of chromatin accessibility, DNA methylation, and histone modification guided by AI can be used to assist with calling regulatory elements, transcription factor activities, or epigenetic states in response to developmental or pathological conditions [75].



Using the epigenomic and transcriptomic frameworks, AI models can impute gene regulatory networks underlying organoid fate decisions and functional specializations. These works illustrate how disease phenotypes and resistance to treatments develop due to changes in regulatory organization, thereby providing opportunities for mechanistic intervention [76].




4.4. Proteomic and Metabolomic Integration for Functional Phenotyping


Protein and small-molecule data from proteomics and metabolomics provide important functional context, capturing post-transcriptional regulation, signaling pathway activation, and metabolic states in organoids. AI-based models have provided strong integration of mass spectrometry-based proteomic and metabolomic data with the upstream genomic and transcriptomic measurements.



In disease-related organoids, such as patient-derived tumors and tissues, AI-facilitated correlation analysis reveals pathway-level rewiring correlated to metabolic reprogramming, drug resistance, and invasion. Integrating morphological and functional phenotypes with proteomic and metabolomic signatures improves the predictive value of organoid-based therapeutic screening and biomarker identification [77]. Recent advances in mass spectrometry, single-cell proteomics, and spatial metabolomics have substantially enhanced the ability to characterize functional heterogeneity within organoid systems. AI-driven analytical frameworks have been increasingly employed to integrate proteomic and metabolomic datasets with imaging and transcriptomic information, enabling the identification of disease-associated pathways, therapeutic response signatures, and metabolic vulnerabilities [78]. In patient-derived tumor organoids, such integrative approaches have facilitated the discovery of biomarkers associated with treatment resistance, tumor progression, and patient-specific drug sensitivity. For example, studies integrating spatial metabolomics, proteomics, and transcriptomics in patient-derived tumor organoids have revealed metabolic adaptations associated with therapeutic resistance and identified candidate biomarkers for precision oncology applications [79]. Nevertheless, proteomic and metabolomic analyses remain challenged by technical variability, data sparsity, and differences in sample preparation and analytical platforms. Furthermore, the integration of multi-layered omics datasets requires sophisticated computational approaches and standardized workflows to ensure reproducibility and biological interpretability [80]. Addressing these limitations will be critical for translating AI-enabled proteomic and metabolomic profiling into clinically actionable precision medicine strategies.




4.5. Multimodal Data Fusion and Network-Based Modeling


One of the most powerful applications of AI in multi-omics organoid studies is multimodal data fusion. Machine learning–based fusion architectures integrate imaging-derived features, molecular profiles, and functional readouts to learn shared latent representations that capture biologically relevant organoid states.



AI models based on interacting networks enable reconstruction of signaling pathways and molecular interaction networks that link structural phenotypes to regulatory mechanisms. This integrative modeling aids the identification of organoid subpopulations with divergent therapeutic sensitivities and provides a mechanistic basis for understanding phenotypic heterogeneity [81].




4.6. Trajectory Inference and Developmental Dynamics


The inference of lineage commitment and transitioning development in organoids is possible through AI-guided trajectory inference algorithms. Longitudinal multi-omics data can be used to generate effective developmental maps using deep learning-based approaches, which can include imaging and functional readouts [82].



The models allow defining bottlenecks of maturation, optimizing the various protocols, and predicting phenotypes in the long run. In the case of disease modeling, the trajectory inference can inform about the dynamics of the pathology and also about the transitions between the states caused by the treatment.




4.7. Biomarker Discovery and Precision Medicine Applications


Multi-omics fusion with the assistance of AI is a novel supercharger of deep profiling of 3D organoid cultures and more. Machine learning techniques can recognize molecular disease progression signals, therapeutic sensitivity, and organoid fitness [83].



These biomarkers allow categorizing patient-derived organoids into subgroups of clinical relevance and choosing individual treatment. Such AI-organoid analytics have the direct correlation of molecular signatures with functional and phenotypic outcomes, which makes the translational application of experimental models in clinical decision-making more robust.




4.8. Challenges and Future Perspectives in Multi-Omics Integration


Although there are major improvements, some problems remain with the multi-omics organoid analysis that has been combined with AI. The limitations of translational confidence still include batch effects, heterogeneity of data quality, poor biological annotation, and interpretability of the model. The results of heterogeneous omics layers analysis, together with imaging and functional data, demand high computing infrastructure and common analytical pipelines [84].



Additional directions should be aimed at improving data harmonization, creating explainable AI, and setting standards to use multi-omics. Such obstacles should be overcome in order to achieve the potential of AI-enabled organoid platforms in precision medicine.



Patient-derived and stem cell–derived organoids generate high-content imaging, functional, and multi-omics datasets. These data are processed using artificial intelligence–based image analysis, multimodal data fusion, and predictive modeling to construct digital twins and guide personalized therapeutic strategies within a precision medicine paradigm [85].





5. Digital Twins for Organoid-Based Precision Medicine


Digital twins have rapidly evolved into a revolutionary paradigm in precision medicine, enabling the creation of dynamic virtual models of living beings that can co-evolve with their real-world counterparts. Digital twins outperform the inanimate models in the organoids in that they are furnished with real-time artificial intelligence (AI) driven predictive modeling within them, since they perform their own experimental observables [86]. By repeatedly integrating longitudinal imaging, multi-omics, functional assays, and microenvironmental data into organoid-based digital twins, it is possible to generate high-quality simulations of disease, predict therapeutic responses, and explore interventions that are difficult or ethically limited in traditional wet-lab or clinical models (Figure 4). This technological intersection leads to the emergence of digital twins as an important interface between experimental organoid systems (and other experimental systems) and patient-specific clinical decision-making [87].



5.1. Conceptual Framework of Organoid-Based Digital Twins


Digital twins are computerized representations of biological systems that interact dynamically with their physical counterparts and are updated based on received data streams [88]. Digital twins, when integrated into organoid systems, serve as continuously recreated patient avatars based on computational models that are both biologically and dynamically accurate in their behavior. The organoid-based digital copies do not follow the tradition of stationary in silico models. They are automatically self-adjusted and can be used to predict disease progression and treatment effects as time-varying solutions.



This opportunity represents a shift from observance and data analysis toward predictive, and mostly simulation-informed, accuracy-oriented medicine. By optimizing personalized treatment through iterative hypothesis testing and patient-specific biological environments, organoid-based digital twins reduce uncertainty before clinical intervention and increase translational confidence [89].




5.2. Data Foundations and AI-Driven Modeling Strategies


For the development of high-quality organoid-based digital twins, there is a need for the aggregation of multimodal datasets, which include imaging data, transcriptomics, epigenomics, proteomics, and metabolomics data. AI is a key technology for aggregating these heterogeneous data layers into integrated computational knowledge representations.



Organoid development, disease phenotypes, and therapeutic responses in response to nonlinearly interacting features can be modeled using deep learning architectures in association with mechanistic and systems biology models [90]. Digital twins are not static objects but dynamic objects that have predictive power.




5.3. Patient-Specific Digital Twins and Personalized Therapy


A major advantage of the organoid-based digital twin is its ability to model patient-specific biology. Patient-derived organoids (PDOs) preserve the genetic profile, epigenetic signature, and phenotypic diversity of the original patient tissue and thus are appropriate substrates for personalized modelling [91]. AI platforms that combine PDO-based data with clinical patient profiles can develop personalized digital twins that more precisely predict disease progression and response to therapy.



These patient-specific models enable clinicians to explore hypothetical scenarios, evaluate alternative treatment strategies, and optimize therapeutic timing without exposing patients to unnecessary risk [92]. Such capabilities represent a significant advancement toward truly personalized precision medicine. Recent proof-of-concept studies have demonstrated the potential of integrating patient-derived organoids with AI-driven computational models to generate individualized digital twins capable of predicting therapeutic outcomes and disease progression. In oncology, patient-specific digital twin frameworks have been explored using colorectal, pancreatic, breast, and glioblastoma organoid models, where multimodal datasets incorporating genomic, transcriptomic, imaging, and drug-response information were used to simulate treatment efficacy and resistance patterns [93,94]. These approaches have shown promise for optimizing drug selection, identifying effective combination therapies, and reducing trial-and-error treatment strategies. For example, recent studies have combined patient-derived colorectal and pancreatic cancer organoids with AI-driven predictive modelling to simulate treatment responses and identify personalized therapeutic strategies, highlighting the emerging potential of organoid-based digital twins in precision oncology [95]. However, the clinical implementation of organoid-based digital twins remains in its early stages and is challenged by limited longitudinal patient datasets, computational complexity, model validation requirements, and the need for standardized data integration frameworks.



At present, organoid-based digital twins remain at an early stage of technological maturity (approximately TRL 2–4), with most applications confined to experimental and proof-of-concept studies. Although substantial progress has been made in integrating patient-derived organoids, multi-omics data, and AI-driven predictive modeling, key bottlenecks include limited longitudinal datasets, real-time data integration challenges, computational scalability, model interpretability, and regulatory acceptance [33]. Overcoming these barriers will be essential for advancing digital twin technologies from experimental platforms to clinically deployable decision-support systems.




5.4. Applications Across Disease Domains


Organoid bio-digital twins have high translational potential in oncology. Tumor organoids preserve clonal diversity, metastatic abilities, and drug-response patterns of patient tumors. AI-based simulations can model tumor evolution and resistance, and enable rational, data-driven design of personalized combination therapies [96].



Beyond cancer, digital twin systems are also being used more frequently in neurological, gastrointestinal, and infectious disease organoids. Digital twins are used to generate hypotheses, obtain mechanistic knowledge, and optimize therapeutic agents. The simulation of long-term and complex disease phenotypes, which are often difficult to assess experimentally, significantly enhances the translational utility of organoid systems [97].




5.5. Real-Time Feedback, Organoid-on-a-Chip Integration, and Adaptive Control


A major advantage of digital twins is that it brings the opportunity to view in real-time and later give embedded feedback. Biosensor-bearing organ-on-a-chip systems, which also incorporate digital twins, would contain continuously measured physiological data, which would allow re-estimating the model in real-time. Depending on other reinforcement learning and control methods, microenvironmental cues (nutrient, mechanical, and bioactive gradients) can also be manipulated to direct organoid differentiation or growth to a specific state [98].



The closed loop between the physical organoids and their digital twin allows self-controlling experimental regimes with less variability and greater reproducibility and automated optimization of experimental conditions. Recent advances in organoid-on-a-chip technologies have demonstrated the feasibility of integrating biosensors, microfluidic platforms, and AI-driven analytics to establish adaptive feedback-controlled systems. These platforms enable continuous monitoring of physiological parameters such as oxygen levels, nutrient consumption, metabolic activity, and tissue-specific functional outputs, allowing dynamic updates of digital twin models based on real-time experimental observations [99]. Furthermore, machine learning and reinforcement learning algorithms have been explored for optimizing perfusion rates, biochemical gradients, and mechanical stimuli to enhance organoid maturation and functional stability. Such closed-loop systems hold significant promise for disease modeling, drug screening, and personalized therapeutic optimization [100]. However, challenges remain regarding sensor accuracy, interoperability between hardware and computational platforms, scalability, and the validation of adaptive control strategies across different organoid systems. Addressing these limitations will be essential for the development of robust and clinically translatable digital twin-enabled organoid ecosystems.





6. AI-Enhanced Organoid-on-a-Chip and Microphysiological Systems


An important technological advancement in organoid technology is the use of organ-on-a-chip and micro-physiological systems, which integrate 3D tissue models with microengineering to recreate physiologically relevant, in vivo-like conditions. These systems combine microfluidics, biomaterials, perfusion networks, biosensors, and controlled mechanical/chemical stimuli to recreate dynamic tissue microenvironments with high fidelity [101]. Organoid-on-a-chip systems can be integrated with AI to enable active, self-regulating systems that learn and respond in real time, thereby optimizing experimentation on the fly at high throughput. This convergence marks a significant advancement in translational organoid science, bringing together experimental biology and predictive, scalable microphysiological modeling.



6.1. Microfluidic Control of Organoid Microenvironments


Microfluidic organoid-on-a-chip systems can provide highly controlled spatiotemporal variations in key microenvironmental parameters, including nutrient flow/waste diffusion, vascular shear stress, oxygen gradient profiles, and biochemical signaling. This kind of autonomy enables the long-term maturation and functional differentiation of organoids, processes that are difficult to achieve in non-stirring culturing devices [102]. A real-time control of these parameters necessitates continuous capture of imaging and biochemical sensor activity diagrams, which demands advanced computing programs to provide on-site analytics and management.



The inference and adaptive modulation of cultural conditions are performed by AI-based optimization solutions, such as Reinforcement Learning (RL), computer vision models, and self-supervised learning paradigms [103]. These systems can automatically control perfusion rates, adjust chemical stimulants, and help achieve desired physiological conditions through iterative learning and trial-and-error experiments to enhance uniformity and reproducibility.




6.2. AI-Based Imaging and Real-Time Phenotypic Monitoring


Microphysiological platform-length imaging with high resolution enables revolutionary studies of morphology, cellular distribution, and functional dynamics of organoids over time. Computer vision powered by artificial intelligence (AI) plays a central role in deriving biologically meaningful insights from large, complex datasets. Deep learning can identify structural neuropathy, describe dynamic mechanisms of growth, and detect the evidence of early stress or degeneration that is not discernible by the naked eye [104].



Predictive intervention strategies are enabled by real-time monitoring of the phenotype, allowing culture conditions to be adjusted before any negative effect on organoid viability or experimental outcomes occurs. Active feedback has great potential to enhance the accuracy and effectiveness of experiments.




6.3. Modeling Systemic Interactions Using Multi-Organoid Chip Platforms


One of the strongest benefits of AI-based organ-on-a-chip systems is their ability to model systemic physiological interactions. Multi-organoid systems comprising intestinal, liver, heart, brain, or tumour organoids may also recapitulate inter-organ communication, metabolic cross-talk, and drug distribution networks within defined intra-microphysiological units.



AI algorithms that combine multimodal data across interrelated compartments can be used to reconstruct communication networks, predict emerging systems-level behaviours, and pinpoint critical regulatory nodes that underpin therapeutic responses [105]. These emergent properties highlight the translational potential of micro-physiological systems for studying complex, multi-organ diseases, such as metastasis, neurodegeneration, and immune dysregulation.




6.4. Automation and AI-Driven Experimental Optimization


AI-based organoid-on-a-chip models also have the advantage of using automation in the experimental design. Automated robotic systems in conjunction with AI-based feedback control can be used for conducting high-throughput experiments. Some examples of high-throughput experiments include drug screening experiments, toxicity experiments, and genetic perturbation experiments [106]. Learning-based models in reinforcement learning can potentially develop optimal experimental design protocols by learning what is best in terms of sampling schedules, dosing schedules, and perturbation schedules. This may help in reducing manual intervention and errors in experiments in order to accelerate discovery and make it industrially applicable.




6.5. Challenges, Standardization, and Regulatory Considerations


Despite the considerable progress, there are still many obstacles to the extensive use of AI in micro-physiological systems. Issues like chip architecture standardization, interoperability of platforms, and generalization of AI models across labs have not been addressed. Moreover, the combination of multisensory information and coordination of the procedures of data acquisition between sites is essential to cross-site validation and reproducibility [107].



Ethical and regulatory frameworks responding to AI-enhanced automated preclinical research experimentation and decision-making are also a challenge. Validation, transparency, and accountability guidance will be necessary to ensure clinical and regulatory adoption.




6.6. Toward Scalable and Autonomous Microphysiological Ecosystems


Introducing AI into organoid-on-a-chip technologies is a breakthrough to autonomous, scalable, and clinically relevant systems biology platforms. Real-time monitoring, adaptive automation, and systems biology modelling can give organoid assays a higher quality of performance and accuracy, along with increasing the translational utility [108].



Through the connection of systems to create multi-organoid, multi-chip systems, these networks can be used to construct scalable micro-physiological networks to investigate organ-organ crosstalk, systemic drug response, and multiplexed disease phenotypes. Together with cloud computing and federated learning models, these networks have the potential to support applications in distributed data sharing, cross-site validation, and large-scale model training of AI models in a privacy-preserving approach. All these developments together lead to the future of AI-based organoid-on-a-chip systems serving as the basis of translational research and precision medicine.





7. Generative AI and Computational Modeling in Organoid Biology


Generative artificial intelligence (AI) and computational modeling methods are now transforming organoid research by enabling in silico simulation, synthetic data generation, and predictive model-based interpretation of complex biological systems. These developments extend classical machine learning by integrating high-dimensional imaging and multi-omics data to model organoid growth, morphogenesis, and functional activity [109]. In scenarios where data collection is cost, time, and biologically variable-limited, generative AI provides a potent complement to experimental studies for improved reproducibility, rate of discovery, and rationally designed experiments.



7.1. Generative Models for Synthetic Organoid Data Generation


In the field of generative artificial intelligence, generative adversarial networks (GANs) and variational autoencoders (VAEs) have shown great promise in the field of organoid research. These generative artificial intelligence approaches have proven to capture the most important features of organoids, including the formation of a lumen and the growth of the organoids. These generative artificial intelligence approaches learn the data distribution and create synthetic images of organoids that closely resemble the real data collected in the lab [110].



Synthetic data is created through random noise or high-entropy noise created by GANs and VAEs, and it is more useful with time, even with a small amount of labeled data [111]. Augmentation improves the robustness of the deep learning approaches.




7.2. Latent Space Modeling and Mechanistic Insight


Generative models provide a conceptual framework for learning latent biological representations that drive organoid activity. VAEs learn compact, lower-dimensional latent spaces that capture key morphological and molecular characteristics of organoids. Interrogation of these latent dimensions facilitates the identification of key drivers of tissue architecture, differentiation state, and functional phenotype [112].



Such latent space analysis is conducive to in silico experimentation, enabling researchers to explore hypothetical scenarios (e.g., genetic perturbations, microenvironmental cues, variations in differentiation protocols) and evaluate their anticipated impact on organoid structure and function. These features facilitate mechanistic insight, and they minimize reliance on extensive wet lab experiments.




7.3. Multiscale Computational Modeling of Organoid Dynamics


Generative AI is complemented by computational models, which can be used to represent organoid biology at multiscale, between cellular and molecular levels, and tissue levels. Multiscale model systems combine cell dynamics, intracellular signaling networks, and tissue mechanics to model phenomena: self-organization, branching morphogenesis, and lineage differentiation [113].



Combined with AI-assisted parameter tuning, these models are able to predict system-level responses to genetic, biochemical, or pharmacological perturbations. The simulated interactions of individual cells, including proliferation, migration, and fate commitment, and their emergent interactions within the organoid microenvironment, can also be simulated using agent-based models. The integration of these frameworks has facilitated the development of robust and scalable tools for hypothesis testing and predictive biology.




7.4. Generative AI in Drug Discovery and Toxicity Prediction


Generative AI is currently disruptive in the drug discovery and toxicity screening via organoid platforms. Dose–response relationships, off-target effects, and long-term phenotypic responses that are challenging to establish using conventional assays can also be predicted using AI simulations [114].



The combination of imaging, multi-omics, and phenotypic data can be used to generate virtual replicas of organoids in an extensive range of treatment conditions through the use of generative models. These in silico models can be used to rationally select preclinical pipelines and enable rapid evaluation of therapeutic approaches, triage of preclinical candidate drugs, and fine-tuning of dosage schedules before their advancement into the clinic.



The computational modeling and generative AI approaches have faced various challenges in their implementation in the study of organoids. Biologically relevant models are built on the quality and size of the training data set, and the output of the model is validated [115]. The crucial factors that encourage the belief in the predictions made by AI are biological plausibility, model hallucination suppression, and enhanced interpretability, particularly in both translational and clinical applications.



Prospective incorporation of advanced generative AI with mechanistic computational models provides a path to develop organoid platforms that are fully virtualized and enable predictive, scalable, and mechanistically informed searches [116]. These platforms can be transformative in the precision medicine field by giving data-informed platform simulation of disease progression, treatment response, and personalized intervention strategies.





8. Cloud Computing, Federated Learning, and Data Ecosystems


The rapidly growing applications of organoids, trending alongside advances in high-content imaging, multi-omics profiling, and real-time micro-physiological monitoring, have resulted in unprecedented scales of complex, multimodal data. Normal computer infrastructures fall short in handling, analyzing, and interpreting such multilayer datasets [117]. As such, cloud computing and federated learning are integral to modern organoid research ecosystems by providing a basis for scalable, secure, and collaborative data-driven precision biology (Figure 5).



8.1. Data Explosion and Computational Demands in Organoid Research


Organoid systems will generate various kinds of data, such as longitudinal images, the transcriptome and proteome, functional sensor readouts, and microenvironmental parameters. The grouping of these modalities makes high-dimensional data computationally intensive and analytically complex [118].



The storage, computation, and repetitive calculation requirements to support AI-based organoid studies cannot be met using conventional computing architecture on-site. It is this immense growth of data that necessitates specialized computing schemes capable of scaling, processing heterogeneity, and facilitating online processing, therefore encouraging cloud-based and distributed learning designs.




8.2. Cloud Computing for Scalable Organoid Data Analysis


To store the organoid data, process and query it, high-performance and scalable cloud computing is used to store a large repository of organoid data. These cloud-based systems enable parallel analysis of images, multi-omics on a large scale, and complicated simulations, which are impractical to run on local hardware.



On-demand and dynamic access to computational resources can be used to process high-throughput organoid screens in real-time and can also be used to train deep AI models with hardware-independent performance. Cloud-based infrastructures democratize complex analytics by allowing research teams lacking local computational resources to engage in large-scale organoid data studies, thereby enabling scalability and fostering equitable participation across institutions [119].




8.3. Federated Learning for Privacy-Preserving Collaboration


Federated learning (FL) is a response to the key challenges of utilizing big, heterogeneous data sources in biomedical research, whilst ensuring privacy and being compliant with regulations. In organoid studies, and especially in those involving patient-derived organoids (PDOs), data may be sensitive in the form of clinical and genomic information not available for sharing between institutions [120].



Federated learning allows the decentralized training of a model in which data is kept at the clients and only encrypted model parameters are transferred. This process encourages multi-center cooperation, increases the robustness of models by data diversity, and minimizes bias related to small or homogenous datasets while respecting ethical and legal regulations regarding the protection of data [121].




8.4. Standardization, Interoperability, and FAIR Data Principles


On top of computation and data privacy, cloud-linked ecosystems will play a significant role in facilitating the standardization and accessibility of data. The organoid datasets can be comparable across laboratories and platforms by standardization of their metadata schemas and databases that are compatible with the principles of FAIR (Findable, Accessible, Interoperable, and Reusable) data [122].



Such standardization enables meta-analyses, cross-platform validation, and large-scale benchmarking of AI-based tools, thereby accelerating their translation. Interoperable data ecosystems further enhance reproducibility and facilitate resource evaluation by ensuring that analytical pipelines are traceable and transparent.




8.5. Technical Challenges and Future Infrastructure Needs


Advanced cloud computing and federated learning infrastructures are associated with several technical challenges. Further optimization should be done to the control of data quality, multimodal integration, and effective computational pipelines. The federated learning systems should be able to address issues such as the overhead of communication, model drift, non-homogeneous data distributions, and maintaining synchronous calculation among locations [123].



Addressing these challenges will require advances in infrastructure design, algorithmic robustness, and multidisciplinary collaboration. As more such technologies are developed, it is expected that cloud computing and federated learning can serve as the underpinning of discoveries and translational precision medicine based on secure, scalable, and collaborative organoid data ecosystems.



Cloud-based and federated learning infrastructures support scalable organoid data storage and analysis, enable computationally efficient AI processing, ensure privacy-preserving data security, facilitate multi-center collaboration, and promote standardization and interoperability across organoid research platforms.





9. Applications of AI-Driven Organoid Systems


The development and inclusion of organoid technology combined with artificial intelligence (AI) have significantly broadened the functional utility of these platforms beyond experimental models to predictive, translational, and clinically actionable applications. Thus, patient-specific biology and data-driven analytics can be integrated to identify precise phenotypes, predict therapeutic response or failure, and enable scalable testing using AI-enabled organoid systems, as mentioned in Table 2.



9.1. AI-Enabled Drug Discovery and High-Throughput Screening


Drug discovery is the oldest and most significant application of AI-informed organoid platforms. Conventional preclinical screening methods do not always achieve adequate representation of human toxicity and efficacy, leading to high failure rates during clinical development. When combined with AI-driven phenotypic analysis technology, organoids serve as a physiologically relevant model that is sensitive to subtle drug-induced effects along a variety of biological dimensions.



Deep learning–based phenotypic profiling allows for the identification of morphological, functional, and viability correlates in high-content organoid images in an automated fashion. Machine-learning classifiers and clustering algorithms can separate therapeutic responses from early toxicity signals; this enables prioritizing candidate compounds with greater accuracy than current assays [129]. When integrated with multi-omics readouts, AI models provide rational drug triage, as phenotypic changes are correlated with molecular mechanisms underlying the actions.



These features decrease the cost and time burden of experiments, increasing translational promise for AI-assisted organoid screening as a compelling alternative to standard in vitro- and animal-based drug screening platforms.




9.2. Cancer Modeling and Prediction of Therapeutic Resistance


AI-based tumor organoids as advanced models to simulate cancer heterogeneity, clonal evolution, and therapy resistance. Patient-derived tumour organoids maintain the genetic, epigenetic, and phenotypic complexity inherent to primary tumours, acting as a biologically relevant platform for AI-based analysis [130].



Classifiers and trajectory inference models implemented the machine learning technology, and can identify the phenotypic shift induced by treatments, and anticipate the emergence of resistance before relapse in cancer patients. AI models can exploit longitudinal imaging data and genomic or transcriptomic profiles for the reconstruction of tumor evolution pathways and for the simulation of novel treatment options.



This predictive capability can facilitate the optimization of combination therapies, resistance biomarker discovery, and personalized oncology management, thus enhancing the performance of organoid-based AI systems in precision cancer medicine [131].




9.3. Neurological and Infectious Disease Modeling


Beyond oncology, organoid systems based on AI have found broader utility in modeling very complex neurological and infectious diseases. Brain, gut, and airway organoids mimic the tissue-specific architecture and intercellular connections that are challenging to reconstitute using conventional disease models.



AI-backed image analysis and multi-omics integration allow disease-related phenotypes to be detected, dimensionalized pathogenesis to be mapped, and host–pathogen interactions to be resolved at a fine resolution. Machine learning predictions on infectious disease organoids enable a quantitative analysis of pathogen replication, immune response kinetics, and drug activity. Similarly, in neuro-organoids, there are AI tools for the analysis of electrophysiological activity, network development, and pathological neurodevelopment [132]. Applications of these methods facilitate mechanistic insight and therapeutic discovery in diseases that are driven by complex, multiscale biological systems.




9.4. AI-Guided Regenerative Medicine and Tissue Engineering


The development of AI-integrated organoid systems is a growing platform for regenerative medicine. AI models are now also being employed to refine the differentiation protocols of stem cells, forecast maturation profiles, and drive engineering strategies correlating molecular cues with structural and functional phenotypes.



Optimization architectures, using reinforcement learning-based protocols, endow organoid cultures with the capability of being dynamically coupled to biochemical cues, mechanical stimuli, and the microenvironment [133]. These systems can achieve independent control over tissue development toward specific therapeutic outcomes when integrated with organoid-on-a-chip platforms.



These AI-driven strategies increase the reproducibility and functionality of grafts, as well as the possibility for generating transplantable tissue equivalents, which can make organoid-based AI systems attractive tools for regenerative and reparative medicine.




9.5. Personalized Therapy and Precision Medicine


Precision medicine is one of the most revolutionary applications of AI-based organoid systems. Patient-derived organoids (PDOs) are ex vivo models with patient-specific genomic and phenotypical profiles, where therapeutic response can be tested directly.



AI algorithms combine phenotypic data inferred from PDOs with clinical features and multi-omics information to generate predictive platforms that suggest drug combinations and optimal dosing. Digital twin platforms are developing these possibilities by modelling in silico patient-specific evolution of the disease and therapeutic responses [134].



These customized therapies have shown early potential in oncology, rare genetic diseases, and inflammatory conditions with high interpatient variability that requires a personalized approach. Despite their relatively limited clinical penetration, it is widely perceived that AI-driven organoid platforms are set to become the backbone of the next-generation precision medicine [135].



While many technological advancements have been made, AI-enabled organoid applications are at different levels of translational maturity. Phenotypic at image level analysis and drug screening assisted by AI have already reached late preclinical stages of development, while digital twin technologies are mainly proof-of-concept works. Organoid-on-chip systems with AI-driven control have great translational potential but need to be validated on a larger scale and standardized. The establishment of technology readiness levels is critical for systematically advancing experimental innovations toward clinical applicability.





10. Ethical, Regulatory, and Translational Challenges


Combining AI and organoid technology can provide an unprecedented chance to speed up the process of biomedical research and precision medicine. There is ethical and regulatory complexity, as well as complexity of implementation of such hybrid systems. To achieve the responsible innovation, patient safety, and clinical credibility of AI-based organoid platforms, it will be significant to pay routine attention to these factors in a proactive manner [136].



10.1. Data Governance, Privacy, and Consent


One of the most urgent ethical issues in AI-based organoid studies is likely to be data stewardship. In studies of organoids, and especially those involving patient-derived organoids (PDOs), there is a high sensitivity of data in genomics, phenotypes, imaging, and clinical data. The AI models that are trained using such data must be able to uphold the high standards of privacy and transparency, and be able to share the data responsibly.



These data privacy risks of misuse, re-identification, and unauthorized access highlight the need to have secure computational infrastructures like cloud ecosystems and federated learning systems. There are also equally significant consent mechanisms as well as anonymization procedures complying with patient autonomy and still permitting scientific developments [137]. Sustainable clinical translation requires the creation of universal frameworks of governance incorporating innovation and ethical responsibility.




10.2. Algorithmic Bias and Fairness in AI Predictions


There is a significant problem of computational bias in the fairness and reliability of the AI prediction in the organoid systems. Training datasets may be biased when they are neither diverse or reflective of the diversity of genes, demographics, and diseases of the entire patient population. Such constraints can bring about a skewed predictive effect, alternative treatment recommendations, and reduced extrapolation to the population [138].



To decrease the algorithmic bias, the data used to train the algorithm must be critically varied and inclusive, and models must be continuously interrogated and debiased as they are prepared and validated. To ensure reliability on the long-term objective of precision medicine in its entirety, the creation of fairness and equity in AI-based organoid analytics is a pillar of trustworthiness.




10.3. Regulatory Uncertainty and Framework Limitations


The regulatory frameworks governing AI-enhanced organoid platforms remain immature and fragmented. The existing regulatory frameworks of medical devices, in vitro diagnostics, and cell therapies are not highly appropriate to address the hybrid nature of AI-organoid systems that act as living biological models and behave as dynamic computational algorithms.



The challenges that will be associated with regulations will be to establish acceptable accuracy levels, transparency in the model, and maintenance of continuous updates of the algorithm over time. The regulators must also determine the way in which insights created by AI (e.g., treatment advice based on digital twins) can be incorporated into the clinical decision-making process responsibly. Addressing these challenges requires the development of flexible regulatory frameworks capable of accommodating the data-driven and evolving characteristics of AI-enabled biological systems [139].




10.4. Translational Barriers and Clinical Adoption


There are a number of translational obstacles that still stand in the way of clinical introduction of AI-guided organoid technologies. Heterogeneity in protocols for organoid culture, imaging modalities, and multi-omics analyses in different labs precludes standardization of data and generalization of models. Cross-site validation and regulatory clearance are challenging without harmonised experimental and analytical guidelines [140].



The apparent “black box” nature of a lot of AI models may limit the confidence clinicians have in them and facilitate their integration into routine clinical practice. In order to address this discrepancy between computational inferences and clinical action, the implementation of explainable AI-enabled methods that generate interpretable, biologically meaningful outputs is urgently required.




10.5. Alignment with Emerging Regulatory Guidelines


Initial clinical applications of AI-driven organoid systems will rely on the alignment with changing regulatory recommendations, including frameworks suggested to date by regulatory bodies such as the U.S. Food and Drug Administration (FDA) and the European Medicines Agency (EMA) on AI/ML-based Software as a Medical Device (SaMD). These recommendations focus on accountability, constant validation, monitoring of performances, and explainable AI models [141].



The integration of regulatory issues in the early phases of platform development, and not after the fact, will enable a more successful integration of clinical aspects. It will be necessary to implement common validation measures, documentation, and update policies to make it acceptable to regulators and deploy it in the long term in clinical settings.



Although the field of technology advances at a rapid pace, the issue of unresolved problems concerning data standardization, interpretability, governance, and clinical validation still limits the mainstream use of AI-driven organoid platforms. The need to tackle these limitations will involve a coordinated multidisciplinary approach (such as bioengineering, data science, clinical medicine, ethics, and regulatory science) [142].



Future multicenter validation projects, benchmarking initiatives based on standardization, and privacy-preserving computational strategies will play a vital role in proving clinical usefulness and safety. Using ethical control, regulatory fitness, and translational rigor in the design of AI-enabled organoid technologies would allow advancing such technologies with moral prudence to the applications of meaningful use in precision medicine.





11. Future Directions and Emerging Trends


The intersection of artificial intelligence (AI) and organoid technology will only get stronger in the next decade due to the development of computational modeling, biomaterials engineering, automation, and systems biology. With the maturation of both fields, there are several emergent trends that are likely to transform the research on organoids and improve their relevance to the clinic, and speed up the process. All these future directions are aimed at more autonomous, predictive, and actionable organoid platforms.



11.1. Autonomous and Self-Optimizing Organoid Laboratories


A possible future avenue that can potentially transform is to establish autonomous robotic laboratories with high-throughput organoid culture and monitoring that is linked to simple experimental manipulations but lacks frequent human interventions. Such platforms can learn dynamically in situ by combining differentiation protocols, environmental conditions, and assay conditions with reinforcement learning and closed-loop control systems.



These self-optimizing laboratories may reduce the variability of experiments, accelerate protocol development, and make successive learning between experiments possible. Self-organizing organoid platforms may also significantly shorten the duration of an experiment with improved reproducibility and scalability towards drug discovery and toxicity testing [143].




11.2. Advanced Multimodal and Interpretable Data Integration


The upcoming generation of AI models is expected to feature greater dimensions and not be limited to single- or dual-modality analysis, but be more of an inclusive combination of imaging, multi-omics, electrophysiology (patch clamp), mechanics, and metabolism. The multi-modal approaches to learning will assist in the collective interpretation of such heterogeneous data streams in terms of consistent and understandable frameworks.



This development will make it possible to model organoid physiology on a systems level, learn more about disease pathogenesis, and enhance predictive metrics of responsiveness to therapeutic interventions. Both clinical confidence and regulatory acceptance of AI-oriented organoid analytics will be based on the interpretability focus [144].




11.3. Digital Pathology, Sensor Integration, and Real-Time Analytics


Another major new development is the combination of digital pathology instruments with sophisticated sensor networks. High precision imaging modalities and biosensors integrated in organoid-on-a-chip systems will produce lifelong streams of physiological and functional data.



AI-based processing of these data streams will thus facilitate real-time monitoring of system development, early rescue in case of stress or pathological aberrations, and dynamic adjustment of culture conditions. Such dynamic monitoring systems are anticipated to increase experimental precision and enable predictive intervention strategies, in both research and translational practice [145].




11.4. Quantum-Assisted Machine Learning and High-Dimensional Analysis


Quantum computation is poised as a new frontier for speeding up AI with organoids. Quantum-enhanced or quantum-assisted machine learning can provide a significant speed-up in computation times required to analyze the extremely high-dimensional datasets produced by large-scale multi-omics and image-rich organoid platforms.



Despite its nascent stage, quantum-enhanced analytics holds promise for enabling the identification of complex molecular and protein patterns, large-scale biosystem simulations, and predictive modeling of disease progression. Further advances in this domain could pave the way for computationally demanding precision medicine applications [146].




11.5. Clinical Translation and Personalized Precision Medicine


AI-controlled organoid systems will be more extensively used in clinical practice, particularly in the context of on-demand medicine. Personalized organoid masses and predictive modelling and digital twins can increasingly enable risk stratification, treatment choice, and optimization.



The human organoid models with AI assistance may become a potentially effective tool in clinical decision-making processes as these platforms continue to develop and can forecast the specific development and reaction of a patient to therapy. Its use in clinical practice, however, will depend on the later rigorous validation, regulatory clearance, and integration into standard healthcare practice [147].




11.6. Technological Evolution and the Need for Continuous Validation


Some of the tools of analysis may become outdated in the near future due to the emergence of AI technologies and organoid systems. This will require flexibility in platform designs and constant methodological progress in order to guarantee currency.



One of the weaknesses is that there are no multicenter, large-scale clinical validation studies demonstrating the usefulness of AI-endowed organoid systems in clinical practice. To address these gaps, specific investment in benchmarking, longitudinal validation trials, and adaptive regulatory solutions of safe and successful translational implementation is needed [148].





12. Conclusions


The integration of artificial intelligence (AI) with organoid technology is a revolutionary advancement in contemporary biomedicine, providing unprecedented opportunities for modeling human biology with precision, depth, and scale. This review article proves that organoid technology, with its intrinsic capability for recapitulating patient-specific architecture, cellular complexity, and functional dynamics, is an exceptional experimental system for translational research. When combined with AI, which includes deep learning, generative models, multi-omics integration, and digital twin technologies, it is clear that these technologies can transform from simple representations into predictive, mechanistically interpretable models with the capability for informing clinical decisions. The integration of AI with organoid technology can resolve existing challenges, such as variability in culture results, difficulty in understanding high-dimensional data, and limitations in experimental scale. For example, with the use of automated image analysis, trajectory inference, real-time monitoring, and multi-modal data integration, it is clear that AI can enhance reproducibility, accelerate research, and simulate therapeutic responses. New technologies, such as organoid-on-a-chip, federated learning networks, and autonomous experimental platforms, provide a boost for the translational potential of the integration of organoid technology with AI.



Ethical governance, data standardization, and regulatory validation remain essential for responsible adoption. Ensuring model transparency, safeguarding patient-derived data, and harmonizing analytical pipelines will be foundational to clinical integration. The technological readiness of AI-enabled organoid platforms varies considerably. While AI-based image analysis and phenotypic profiling have reached relatively advanced stages of development, digital twins, multi-omics integration frameworks, and adaptive organoid-on-a-chip control systems remain largely at proof-of-concept or early translational stages. Key challenges include data standardization, model interpretability, scalability, and clinical validation, all of which must be addressed to facilitate routine implementation in precision medicine. The fusion of AI and organoid biology establishes a powerful strategy for next-generation precision medicine, with the potential to fundamentally reshape drug development, disease modeling, and individualized therapy. With continued advances in data standardization, regulatory alignment, and clinical validation, AI-driven organoid platforms are positioned to transition from experimental research tools to clinically integrated precision medicine systems within the next decade.
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Figure 1. Classification of organoids based on cellular source, target organ/tissue, and generation methodology. Organoids are categorized according to their origin (PSC/iPSC-, ASC-, patient-, and tumor-derived), the organ systems they model (e.g., brain, intestine, liver, kidney, lung, retina, heart, pancreas, and tumors), and the culture platforms used for their generation, including matrix-embedded, scaffold-based, air–liquid interface, suspension, organoid-on-a-chip, and 3D bioprinting approaches (Created with BioRender.com). 
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Figure 2. AI-enabled analytical framework for organoid-based precision medicine. Patient-derived organoids generate diverse multimodal datasets, including high-content imaging, genomics, proteomics, and functional assays. Artificial intelligence and machine learning integrate these heterogeneous data through advanced analytical pipelines to extract biologically meaningful phenotypic signatures. AI-driven phenotypic profiling facilitates molecular signature identification, disease stratification, biomarker discovery, and predictive modeling of therapeutic response and resistance. The resulting insights support patient stratification, therapy selection, and treatment optimization, ultimately accelerating drug discovery, improving predictive accuracy, reducing preclinical attrition, and advancing organoid-based precision medicine. 
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Figure 3. Integrated AI–organoid translational framework for precision medicine. Organoid platforms derived from patient tissues or stem cells generate multidimensional datasets including high-content imaging, functional assays, and multi-omics profiles. Artificial intelligence enables automated image analysis, multimodal data integration, and predictive modeling to interpret these complex datasets. The integrated analytical framework supports the development of digital twins and computational disease models for simulating therapeutic responses. These AI-enabled organoid systems provide a translational bridge between experimental biology and personalized precision medicine. 
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Figure 4. Overview of organoid-based digital twins in precision medicine. Patient-derived organoids provide multimodal biological data that are integrated using AI/ML frameworks to generate dynamic digital twins. These virtual models support disease modelling, therapeutic response prediction, personalized treatment selection, and experimental optimization. Unlike traditional static simulations, digital twins are continuously updated through real-time data integration, enabling patient-specific predictions and improved precision medicine outcomes. 
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Figure 5. Cloud computing and federated learning frameworks enable scalable and secure organoid data ecosystems. Cloud computing infrastructures support large-scale storage, processing, and analysis of multimodal organoid datasets, including imaging, multi-omics, and functional readouts. Federated learning enables decentralized AI model training across multiple institutions while keeping sensitive patient-derived data locally secure. These frameworks facilitate collaborative research, improve model robustness through diverse datasets, and ensure compliance with data privacy regulations. Cloud-based analytics and federated learning accelerate scalable, secure, and data-driven organoid research for precision medicine applications. 
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Table 1. Representative applications of AI in organoid research.
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	AI Application Domain
	Representative AI Models/Approaches
	Primary Purpose in Organoid Research
	Key Outcomes and Translational Impact
	Sources





	Image Segmentation and Morphometric Analysis
	Convolutional Neural Networks (CNNs), U-Net architectures, Vision Transformers
	Automated organoid segmentation, lumen detection, boundary delineation, and quantification of structural complexity
	High-precision and reproducible morphometric profiling; reduced observer bias; scalable image-based phenotyping
	[32]



	Growth and Developmental Trajectory Prediction
	Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) models, Time-series deep learning
	Forecasting organoid growth kinetics, branching dynamics, and differentiation outcomes
	Early detection of aberrant development; optimization of culture protocols; predictive experimental planning
	[33]



	Automated Quality Control of Organoid Cultures
	Machine learning classifiers, ensemble models
	Identification of defective organoids, batch variability assessment, and viability screening
	Improved reproducibility; standardized organoid production; suitability for clinical and industrial workflows
	[34]



	Drug Screening and Phenotypic Profiling
	Deep phenotyping networks, clustering algorithms, supervised ML classifiers
	Detection of drug-induced morphological and functional phenotypes; toxicity and resistance profiling
	Enhanced sensitivity in drug discovery pipelines; improved hit identification; support for personalized therapy
	[35]



	Multi-Omics Data Integration
	Autoencoders, Graph Neural Networks (GNNs), multimodal fusion architectures
	Integration of imaging, transcriptomics, epigenomics, proteomics, and metabolomics data
	Mechanistic insights into disease biology; biomarker discovery; patient stratification for precision medicine
	[36]



	Generative Modeling and Experimental Simulation
	Generative Adversarial Networks (GANs), Variational Autoencoders (VAEs)
	Synthetic data generation, augmentation of limited datasets, and simulation of perturbation effects
	Reduced data scarcity; improved model robustness; accelerated experimental design and hypothesis testing
	[37]



	Real-Time Monitoring and Control in Organoid-on-a-Chip Systems
	Reinforcement learning, sensor-integrated AI, and computer vision models
	Dynamic regulation of microenvironmental cues and real-time phenotypic monitoring
	Autonomous microphysiological platforms; enhanced reproducibility; scalable translational organoid ecosystems
	[38]










 





Table 2. Major applications of AI-driven organoid systems.
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	Application Domain
	AI Integration Strategy
	Organoid Contribution
	Key Translational Impact
	Sources





	Drug Discovery and High-Throughput Screening
	Deep learning–based phenotypic profiling, supervised and unsupervised ML classifiers, multimodal data integration
	Tissue-specific and patient-derived organoids capturing human-relevant drug responses.
	Improved hit identification, early toxicity detection, and reduced drug attrition rates before clinical trials
	[124]



	Cancer Modeling and Therapeutic Resistance Prediction
	Machine learning classifiers, trajectory inference models, longitudinal imaging analytics
	Patient-derived tumor organoids preserving intra-tumoral heterogeneity and clonal evolution
	Prediction of resistance mechanisms, optimization of combination therapies, and precision oncology decision support
	[125]



	Neurological and Infectious Disease Modeling
	AI-assisted image analysis, multi-omics fusion models, functional signal interpretation
	Brain, gut, and airway organoids recapitulating tissue-specific disease phenotypes.
	Identification of disease biomarkers, mapping of disease progression, and evaluation of therapeutic efficacy
	[126]



	Regenerative Medicine and Tissue Engineering
	Reinforcement learning–based protocol optimization, predictive maturation modeling
	Stem cell–derived organoids and engineered tissues
	Enhanced differentiation efficiency, improved tissue maturation, support for transplantable graft development
	[127]



	Personalized Therapy and Precision Medicine
	Predictive analytics, digital twin frameworks, AI-integrated clinical–organoid data modeling
	Patient-derived organoids (PDOs) reflecting individual-specific therapeutic responses
	Individualized treatment selection, response forecasting, and reduced trial-and-error in therapy design.
	[128]
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Digital Twins for Organoid-Based Precision Medicine

A digital twin is a dynamic, virtual replica of a patient’s organoid that is continuously updated with real-world data to
predict behavior and guide precision treatment
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