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Abstract

Organoids are self-organizing three-dimensional (3D) cellular structures derived from stem
cells. They can mimic the anatomical and functional properties of real organs. They have
transformed in vitro disease modeling by closely replicating the structural and functional
characteristics of human tissues. The complexity and variability of organoid-derived data
pose significant challenges for analysis and clinical translation. Artificial Intelligence (AI)
has emerged as a crucial enabler, offering scalable and high-throughput tools for interpret-
ing imaging data, integrating multi-omics profiles, and guiding experimental workflows.
This review aims to discuss how Al is reshaping organoid-based research by enhancing
morphological image analysis, enabling dynamic modeling of organoid development, and
facilitating the integration of genomics, transcriptomics, and proteomics for disease clas-
sification. Moreover, Al is increasingly used to support drug screening and personalize
therapeutic strategies by analyzing patient-derived organoids. The integration of Al with
organoid-on-chip systems further allows for real-time feedback and physiologically rele-
vant modeling. Drawing on peer-reviewed literature from the past decade, Furthermore,
CNN s have been used to analyze colonoscopy and histopathological images in colorectal
cancer with over 95% diagnostic accuracy. We examine key tools, innovations, and case
studies that illustrate this evolving interface. As this interdisciplinary field matures, the
future of Al-integrated organoid platforms depends on establishing open data standards,
advancing algorithms, and addressing ethical and regulatory considerations to unlock their
clinical and translational potential.
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1. Introduction

Organoids are self-organizing three-dimensional (3D) cellular structures derived from
stem cells. They can mimic the anatomical and functional properties of real organs. The field
of organoids originated from pioneering work in which adult stem cells and pluripotent
stem cells (PSCs) were used to recapitulate embryonic development in vitro. Intestinal [1]
and cerebral [2] organoids are the groundbreaking models that showed the ability of cul-
tured cells to undergo lineage-specific differentiation. Furthermore, these models showcase
the ability of cultured cells to organize into miniaturized versions of tissues with lumens,
crypts, and polarized epithelial layers [3]. The organoids systems are cultivated within
supportive extracellular matrices like Matrigel and guided with signaling factors that match
organogenesis pathways [4].
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The versatility of organoids has enabled their use across numerous applications in
biomedical research. They are now routinely used to study organ development, genetic
diseases, host—pathogen interactions, and tissue regeneration. In oncology, patient-derived
tumor organoids (PDTOs) have emerged as invaluable tools to study different aspects of the
tumors including modeling tumor heterogeneity, testing drug responses, and guiding preci-
sion medicine efforts [5-7]. Furthermore, liver organoids replicate hepatocyte metabolism,
bile canaliculi networks, and fibrotic processes, which proof that they are effective to be
used for both toxicological and regenerative medicine research [8,9]. Likewise, hematopoi-
etic and immune-related organoids are being used to study leukemia progression, blood
disorders and immune cell interactions [9-11].

Organoids’ ability to mimic complex human pathophysiology in a controlled, eth-
ically acceptable, and reproducible manner explains their significant role in disease
modeling [12-14]. Organoids retain donor-specific genotypes and phenotypes, unlike
traditional 2D cultures or animal models, which is critical for modeling inherited diseases,
tumor heterogeneity, and treatment resistance [15]. For example, liver organoids have
been applied to model hepatitis, fibrosis, and genetic liver disorders with high fidelity.
Moreover, cancer organoids are increasingly integrated into clinical research to assess drug
efficacy and predict treatment outcomes. The translational value of organoids continues to
grow, particularly as they are integrated with technologies such as CRISPR gene editing,
single-cell sequencing, and artificial intelligence [16].

Artificial Intelligence (AI) has emerged as a transformative force in the life sciences, in
particular for interpreting the vast and complex datasets produced by modern biological
research. Al encompasses a group of computational techniques including machine learning
(ML), deep learning (DL), and natural language processing. These techniques can identify
patterns, classify biological phenomena, and generate predictive models and require mini-
mal human intervention. Al plays a beneficial role in genomics, proteomics, and imaging
fields as it has the potential to handle large-scale, high-dimensional data [17]. Traditional
analytical methods often fall short in handling such data due to volume and variability. For
example, convolutional neural networks (CNNs) are extensively used for high-resolution
microscopy image analysis. This enables researchers to quantify cellular structures, track
changes over time, and automate phenotyping at scale [18].

Al also plays a pivotal role in systems biology to unravel regulatory networks and
identify disease signatures. This is achieved by integrating multimodal datasets including
transcriptomic, epigenetic, and spatial data [19]. By learning from electronic health records,
omics data, and imaging features, Al can be used in clinical applications to facilitate early
diagnosis, outcome prediction, and patient stratification.

For example, in hepatocellular carcinoma (HCC), Al models can enhance detection ac-
curacy and personalize treatment strategies by incorporating metabolomics and radiomics
data [20]. Furthermore, Al has improved the analysis of data beyond conventional statistics.
Some Al methods such as generative adversarial networks (GANs) and autoencoders are
applied to simulate biological processes, reduce data dimensionality, and impute missing
values [21]. Collectively, Al has a major role in advancing and accelerating discoveries
across biomedical domains.

The integration of Al with organoid systems offers a compelling strategy to overcome
the limitations of manual analysis and data interpretation in high-throughput, complex
biological models. Organoid studies produce massive datasets across imaging, genomics,
transcriptomics, proteomics, metabolomics, physiology, and phenotypic screening. This
resulted data is challenging to analyze using conventional tools. Moreover, they require
advanced computational tools and large data storage. Al specifically deep learning al-
gorithms, enables real-time classification, segmentation, and quantification of organoid
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morphology. Moreover, it facilitates the predictive modeling of cellular behavior. This is
essential for accurately assessing disease phenotypes, drug responses, and tissue develop-
ment dynamics. For example, Al systems are already enhancing imaging diagnostics in
radiology and oncology fields by standardizing data reporting and improving the accuracy
of pattern recognition accuracy [22].

Al empowers organoid platforms to function as precision tools for modeling patient-
specific disease trajectories. Moreover, it has a positive influence in identifying novel
therapeutic targets, and personalizing treatment strategies. The resolution and functional
relevance of organoid-based models has been enhanced further by Al ability to synthesize
multimodal datasets such as transcriptomics, metabolomics, and spatial omics. Moreover,
Al integration can increase organoids models reproducibility and throughput by standard-
izing organoid culture assessment, reducing inter-observer variability, and automating
workflows. These capabilities align with the broader goals of precision medicine, where
timely and data-driven decision-making is crucial [23].

Overall, organoid-Al platforms provide a biomimetic approach that closely reflects
how real tissues grow, organize, and respond to their surrounding environment. Organoids
naturally assemble into structures that mimic in vivo development. Al enhances this
by detecting patterns across multiple biological levels and linking cellular features to
functional outcomes. Collectively, they create a powerful framework that improves disease
modeling and supports more accurate and predictive biomedical applications.

As organoid research expands, the volume and complexity of associated imaging,
multi-omics, and drug-response datasets increasingly exceed the capacity of conventional
analytical approaches. Although previous reviews have covered organoid technologies
or the broader applications of artificial intelligence in biomedicine, there remains no com-
prehensive evaluation of how Al can directly advance organoid-based disease modeling.
This review synthesizes recent literature to critically examine these advancements, high-
lighting key methodologies, technological frameworks, and translational case studies that
underscore the evolving synergy between Al and organoid technologies. We performed
a targeted literature search in PubMed and Scopus using combinations of the following
keywords: organoid, 3D cell culture, Al, artificial intelligence, machine learning, deep
learning, disease modeling, personalized medicine, and related phrases. Searches included
articles published up to 8 July 2025. Two authors independently screened the identified
publications to assess their relevance to Al applications in organoid-based disease modeling.
Studies were included based on their conceptual contribution, methodological relevance,
or demonstration of emerging trends in the field. Reference lists of key articles were also
reviewed to identify additional pertinent work.

2. Organoids as Disease Models

Organoid systems offer a more accurate insight into the human in vivo microenvi-
ronment compared to traditional two-dimensional (2D) cell culture methods and animal
models [24]. This translatable attribute of organoids makes them crucial in the field of
disease modeling. Furthermore, the use of patient-specific cells such as induced pluripo-
tent stem cells (iPSCs) in generating organoids allows for the production of personalised
organoids that mimic patient tissue responses ex vivo [25]. This personalised approach is
relevant in numerous biomedical fields, including cancer treatments.

Patient-specific organoids can be generated using cells from the patient’s tumor tissues
and cultured in modified conditions that resemble the in vivo tumor microenvironment [25].
The appeal here is that these patient-specific organoids retain the patient’s genetic and
molecular characteristics that influence the tumor’s response to targeted therapies, making
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them indispensable in preclinical studies [7]. This is central in the reorientation of medical
research and therapeutics towards personalised medicine.

Indeed, the potential for organoid use in disease modelling spans across tissues in
all three primary germ layers [26]. For example, iPSC-derived liver organoids have been
used in drug screening applications in order to simulate patient-specific responses to
different treatments [27]. It is also important to note that in order to mirror the in vivo
responses, the liver parenchymal cells must be co-cultured with non-endodermal cells,
such as Kupffer cells and epithelial cells, during organoid generation [26]. This makes
organoid models superior to traditional 2D models as they recapitulate crucial cell-cell
interactions, which translates to more accurate clinical data [24]. Further, predicting cellular
responses streamlines the process of drug discovery and enables more accurate readings
for toxicology tests.

Organoids can also be used to deepen our understanding of diseases associated with
aberrant organogenesis. Brain organoids, for example, could offer unprecedented human-
specific insights compared to mice models, which are the current standard models in
neurobiological research. It allows us to monitor a simulation of brain organogenesis in real-
time in modifiable conditions. This translates to a deeper insight into the effects of certain
mutations and infections on later neurodevelopmental disorders [28]. For example, to
elucidate the role of Zika virus (ZIKV) infection in microcephaly, Garcez et al. reported that
iPSC-derived brain organoids infected with ZIKV displayed a reduced growth rate, which
was attributed to impaired neurogenesis because of ZIKV-mediated neural progenitor
apoptosis [29].

Organoid tools are also being used as ex vivo models for cellular differentiation and
its associated malignancies. This allowed for the recreation of complex, fluid stem cell
niches such as the bone marrow (BM). Bone marrow organoids (BMO) incorporate sinu-
soidal epithelial cells (SECs), mesenchymal stem cells (MSCs), and other maintenance cells
alongside hematopoietic stem cells (HSCs) to mimic the in vivo BM microenvironment [30].
Khan et al. reported that BMOs managed to recapitulate the intricate cell-cell interactions
that are crucial for cellular differentiation and maintenance in the BM niche. Moreover, it
supported the engraftment and survival of malignant cells that were otherwise difficult to
maintain ex vivo. Consistent with these findings, Ren et al. engrafted hematopoietic stem
progenitor cells (HSPCs) derived from patients diagnosed with myelodysplastic syndrome
(MDS) into BMOs [31]. Taken together, these applications highlight the potential role of
organoid technologies as the drivers of the next phase of disease modelling tools.

It is also important to highlight the current limitations of organoid applications in
disease modelling. The absence of a standardized, optimized protocol for organoid genera-
tion across institutions highlights the glaring issue of reproducible data [32]. Furthermore,
constant real-time monitoring and scaling these tools for human applications requires
copious amounts of data. To keep up, countless hours of manual labor will be needed,
and this introduces the issue of inconsistencies and errors in data interpretation [32]. In
order to establish organoids as the standard models in human clinical trials, a cost-efficient
and consistent protocol must be standardized for the efficient generation of a sufficient
number of organoid models [26]. Hence, the incorporation of Al as an automation tool has
the potential to overcome those limitations.

3. AI Methodologies for Organoid Analysis

The convergence of artificial intelligence (Al) and organoid technology has unlocked
a new paradigm in disease modeling. This convergence offers unprecedented precision,
scalability, and analytical depth. Organoids, as self-organizing three-dimensional cellular
models, mimic the structural and functional attributes of human tissues. However, due to
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their complexity, data acquisition, interpretation, and standardization are considered a big
challenge. Al, with its capacity for high-dimensional data analysis and pattern recognition,
addresses these challenges by imaging workflows automation, omics data integration, and
predictive modeling enhancement.

Al algorithms, particularly deep learning and machine learning frameworks, enable
real-time monitoring, classification, and optimization of organoid-based systems. These
tools not only streamline large-scale experiments but also improve reproducibility, reduce
operator bias, and increase the biological relevance of findings [33,34]. As this section
explores, Al plays a pivotal role across the entire lifecycle of organoid experimentation
starting from initial culture assessment to spatio-temporal development, omics integration,
quality control, and clinical translation through organoid-on-chip systems.

3.1. High-Content Image Analysis (Segmentation, Profiling, Screening)

High-content image analysis (HCA) is a core application of Al in organoid-based
disease modeling. It enables automated segmentation, phenotypic profiling, and large-scale
screening. Organoids are typically cultured in three dimensions and imaged via brightfield,
confocal, or multiphoton microscopy and high-resolution image datasets are produced.
Manual analysis of such data is labor-intensive and subjective, which affects its reliability.
Deep learning techniques, especially CNNs, provide scalable solutions by segmenting
organoid boundaries, detecting lumen formation, and assessing morphological features
such as size, shape, budding, and polarization accurately [33,35]. For instance, pretrained
CNN s like U-Net and ResNet have been applied to classify organoid subtypes and quantify
treatment responses, which has positive effects on throughput and reproducibility [36].

In relation to screening applications, Al tools facilitate high-throughput image-based
drug evaluation. Image classification and object detection frameworks such as YOLO
(You Only Look Once) and Mask R-CNN can assess organoid viability and toxicity across
drug libraries rapidly. Furthermore, Al not only expedites the screening process but also
enhances sensitivity in detecting subtle phenotypic shifts [37-39]. Furthermore, CNNs have
been used to analyze colonoscopy and histopathological images in colorectal cancer with
over 95% diagnostic accuracy [40]. This demonstrates their utility in distinguishing minute
morphological changes, which can be translated well into organoid applications [40,41].

Furthermore, Al supports tracking spatio-temporal morphological dynamics of
organoid cultures over time [35]. Automated imaging systems integrated with machine
learning classifiers can monitor organoid maturation, degeneration, or abnormal growth
patterns without a need for continuous manual supervision [42,43]. This capability is espe-
cially valuable in neurodevelopmental or cancer models, where dynamic morphological
transitions are clinically relevant. Integrating Al into imaging pipelines ensures consistency,
minimizes human bias, and provides objective metrics for phenotype-genotype correlation
in disease modeling workflows.

3.2. Spatio-Temporal Modeling of Organoid Development

Spatio-temporal modeling involves tracking how organoids grow and organize in
three-dimensional space over time [44]. This is a critical feature when mimicking complex
tissue behaviors. Al, particularly deep learning and time-series modeling, assists in under-
standing the cell proliferation, morphogenetic patterns, and differentiation trajectories in
organoid systems by the analysis of dynamic imaging datasets [44,45]. Recurrent neural
networks (RNNs), long short-term memory networks (LSTMs), and more recently, spatio-
temporal transformers have been applied to decode developmental processes, often from
high-resolution time-lapse microscopy data [46]. These methods can predict organoid fate,
cell lineage divergence, and maturation speed with increasing precision [47].
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The dynamic nature of organoid development, especially in neural and intestinal
models, requires analytical systems capable of accommodating heterogeneity and adapting
to rapid morphological changes. Al tools trained on live imaging data can detect parame-
ters often associated with pathological developments such as tumorigenesis or impaired
neurodevelopment. This is due to ability of Al tools to detect early deviations in organoid
symmetry, polarity, and cellular architecture [48,49]. In cancer modeling, for example,
patient-derived tumoroids monitored over time can be profiled using Al for response
to radiotherapy or drug perturbations, which has a great impact on enabling precision
medicine approaches [5,50].

Moreover, integrating spatial transcriptomics with time-lapse imaging data enhances
the interpretability of Al-driven predictions. This offers a window into gene expression
changes during morphogenesis. These approaches are crucial for developing digital twins
of organoids. This approach will allow researchers to simulate and manipulate develop-
mental pathways computationally before conducting wet-lab experiments. This modeling
is especially impactful for regenerative medicine and developmental biology, as the ability
to predict tissue self-organization can guide scaffold design and bioprinting approaches.

3.3. Omics Data Integration Using Machine Learning

Organoid-based disease modeling frequently generates multi-omics datasets, includ-
ing genomics, transcriptomics, proteomics, epigenomics, and metabolomics [51]. While
these layers offer rich biological insights, manual integration of their dimensionality and
complexity is challenging [52]. Machine learning (ML) algorithms, including random
forests, support vector machines (SVMs), and deep autoencoders, have emerged as power-
ful tools to unify these diverse datasets into coherent models [53]. These models facilitate
the identification of biomarkers, stratification of patient subgroups, and prediction of dis-
ease progression or drug response [54,55]. For instance, Mataraso et al. developed the
COMET framework, which uses transfer learning from electronic health records to augment
omics data interpretation. This approach allows for more precise patient classification and
robust biological discovery with good results even in samples with small sizes [56].

Moreover, integrative machine learning enhances the utility of organoids in transla-
tional research by enabling correlation of phenotypic outcomes observed in these models
with molecular signatures [55]. For example, unsupervised clustering algorithms like
k-means or hierarchical clustering can reveal novel disease subtypes, while supervised
learning aids in mapping omics patterns to therapeutic outcomes [57,58]. This multi-omics
integration is beneficial in cancer organoids, as it helps discern tumor heterogeneity and
guide personalized treatment plans. Kumar et al. emphasized the significance of ensemble
methods in modeling nonlinear relationships and managing noisy or missing data [59].

The predictive power of ML also supports hypothesis generation in developmental
biology and regenerative medicine [60]. Researchers can simulate lineage trajectories and
forecast differentiation outcomes in stem cell-derived organoids by training models on
temporal multi-omics snapshots [61]. These simulations are expected and they accelerate
discovery cycles and reduce dependency on extensive wet-lab experimentation. As omics
technologies advance, the integration of ML is becoming increasingly indispensable for
extracting actionable knowledge from high-throughput organoid-based datasets.

3.4. Drug Screening and Personalized Medicine Applications

One of the most transformative applications of organoid systems lies in drug screening
and personalized medicine. Patient-derived organoids (PDOs) reflect the unique histologi-
cal and genetic makeup of individual tumors or tissues which enables precise drug testing
ex vivo [62]. Al algorithms have dramatic influence in enhancing the speed, accuracy, and
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throughput of such screening. Researchers can identify effective therapeutic agents by
correlating drug responses with genomic and phenotypic features by employing machine
learning models [63,64]. A key study using the CLIA-certified PARIS assay demonstrated
that Al-assisted pharmacotyping of PDOs from biliary tract cancer patients could identify
individualized responses to over 50 oncology drugs, guiding clinical decisions in real
time [65].

Al further refines drug sensitivity profiling by integrating omics data with imaging
and functional readouts. This multi-dimensional approach allows the development of
predictive models that anticipate therapeutic efficacy or resistance. These models are
particularly valuable for cancers with limited treatment options, as they help prioritize
targeted therapies based on tumor-specific vulnerabilities [66,67]. Recent advances also
include the use of Al to optimize dynamic drug delivery through microfluidic platforms
such as tumor-on-chip systems. For example, Testa et al. developed a breast cancer tumor-
on-chip model that integrates Al for monitoring microenvironmental interactions, enabling
more physiologically relevant assessment of drug efficacy [68].

Moreover, organoid-based screening facilitates clinical translation by reducing reliance
on animal models, accelerating regulatory approval of repurposed drugs, and supporting
adaptive trial designs. In research related to investigation of peritoneal carcinomatosis,
organoids derived from metastatic tissue were used for Al-enhanced drug testing, offering
a patient-specific alternative to conventional chemotherapy planning [69]. This highlights
that Al not only expands the capacity of organoids as screening tools but also ensures their
integration into precision oncology pipelines.

3.5. Organoid Quality Control and Standardization

Ensuring the reproducibility and standardization of organoids is vital as they become
central to disease modeling, drug testing, and regenerative medicine. Organoids culture
biological variability arises from heterogenicity in the donors, in the composition of the
media and different passaging. This variability necessitates strict quality control [70]. Al is
increasingly leveraged to implement automated quality control to monitor morphological,
phenotypic, and functional fidelity of the organoids. For example, CNNs can be trained to
identify deviations in size, lumen formation, and symmetry and thus flagging defective
organoids before downstream applications [71].

In parallel, large-scale imaging and omics data are being integrated into Al-driven
scoring systems that benchmark organoids against reference models. These models not only
classify organoid quality but can also predict the likelihood of successful differentiation
or therapeutic response [72]. Al helps harmonize standard operating procedures (SOPs)
across laboratories, facilitating cross-platform comparability which is a persistent challenge
in organoid-based translational research [73]. Liu et al. demonstrated that incorporating an
81-metric quality framework across 20 LC-MS platforms allowed robust and reproducible
analysis of urinary proteomes, a model that can be applied to organoid systems [71].

Al-enhanced quality control ensures traceability, documentation, and scalability in
both academic and industrial contexts. Automated logging of growth kinetics, matrix com-
position, and gene expression profiles allows early detection of batch-specific anomalies [72].
These advancements are critical as organoids are incorporated into clinical pipelines where
compliance with Good Manufacturing Practice (GMP) standards is mandatory [74]. As
such, Al is a pivotal enabler of standardized, high-fidelity organoid production ready for
personalized medicine and clinical trials.
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3.6. Organoid-on-Chip Systems and Organoid Intelligence

Organoid-on-chip (OoC) systems combine the structural realism of organoids with
the dynamic, controllable microenvironments of microfluidics. These platforms simulate
tissue-tissue interactions, vascular perfusion, and biomechanical cues more effectively
than static cultures [75]. Al plays a key role in optimizing the design, monitoring, and
function of these platforms. Al algorithms enable real-time adjustments in flow dynamics,
nutrient delivery, and drug dosing, transforming OoCs into adaptive systems that mimic
in vivo conditions [76]. In silico modeling frameworks also assist in the predictive de-
sign of microfluidic networks and environmental parameters, thereby accelerating device
prototyping and biological experimentation [77].

Beyond traditional organoid culture, the emerging field of “organoid intelligence”
proposes that brain organoids can serve as biologically inspired computational units [78].
These systems use Al to decode electrical signals and behavioral patterns generated by
neural organoids, with applications ranging from neurotoxicology to neuromorphic com-
puting [78]. Such advances have prompted ethical debates surrounding consciousness and
cognitive functions in lab-grown tissues [79]. Integrating Al with organoid electrophysiol-
ogy has enabled closed-loop systems where organoids interact with their environments
through feedback mechanisms, mimicking rudimentary learning processes [80].

In parallel, Al-enhanced OoC platforms support multi-organoid connections, “body-
on-chip” systems, that simulate whole-body pharmacokinetics. These systems facilitate
longitudinal studies of drug toxicity, metabolism, and systemic disease progression [81]. Al-
driven integration of omics data, environmental conditions, and phenotypic outputs allows
for real-time modeling and optimization. As these technologies evolve, the convergence of
Al, organoid-on-chip systems, and organoid intelligence promises to redefine the landscape
of biomedical research, offering dynamic, miniaturized systems that replicate human
physiology and cognition.

4. AI Applications in Disease-Specific Organoid Model

As mentioned earlier, organoid applications in precision medicine are currently lim-
ited by scalability issues as well as inconsistencies in their contents due to their self-
organisation [26]. Further, scaling up organoid generation will also increase the time and
cost needed for data interpretation, impacting research efficiency and introducing risks of
human error [32]. The incorporation of Al tools in organoid research has immense potential
to overcome the current limitations in disease modelling applications (Figure 1).

Deep learning, specifically CNNs, has been used in disease modelling to image
organoids. This is due to its ability to pick up subtle changes in organoid morphology
as well as long-term monitoring of organoid development after successful training [82].
One of the most common uses of CNNs in organoid disease modelling is image classifi-
cation. Metzger et al. trained a CNN model to distinguish between healthy and diseased
neural organoids modelling Huntington’s disease with high accuracy [83]. This allowed
the researchers to use the organoid as personalised drug screening tools as the model was
able to identify subtle drug-induced morphological changes. In a similar study, Albanese
et al. designed an Al-assisted pipeline, termed Single cell and Cytoarchitecture analysis of
Organoids using Unbiased Techniques (SCOUT), that utilised fluorescent labeling before
3D imaging. The combined fluorescence imaging data is then analysed by a CNN, allowing
for a more thorough, multiscale analysis of organoids. To validate the SCOUT pipeline,
the model was applied to brain organoids infected with ZIKV. The model identified a
significant reduction in organoid size and changed expression of multiple genes associated
with tissue organisation as observed in ZIKV-mediated microcephaly [29,84].
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Organoids cultured
using patient stem cells
make PDOs

®

Desired PDOs are
selected after strict
validation

O,

Role of Al in Organoid
Disease Modelling

®

Al-assisted analysis of
PDOs identifies subtle
disease-related changes

®

Al-assisted findings
guide direction of
personalised treatment

Figure 1. Role of Al in Organoid-Based Disease Modelling. Organoids cultured using patient stem
cells can be used as in vitro disease modelling instruments. The incorporation of Al in organoid assess-
ment offers multiple logistical and technical benefits, such as more efficient assessment processes as
well the identification of subtle disease-induced changes. These assessments then dictate the pursuit of
personalized treatment. (created in BioRender. Balkhair, O. (2026) https://BioRender.com/ei0Obm8]I).

CNN algorithms have also been used in tumor organoid studies to capture the distinct
inter- and intratumor heterogeneities in high resolution [85]. Gunnarsson et al. used CNNs
to monitor the growth dynamics of PDTOs using data acquired from high-throughput 3D
imaging. The model was able to acquire quantitative readings from the 3D imaging dataset,
resulting in a clearer, more consistent monitoring of tumor growth [86]. A similar approach
was also adopted by Abdul et al. who designed a deep learning model, termed D-CryptO,
to assess crypt formation and morphology in colon organoids [87]. In another study,
Takagi et al. designed a CNN model that captured imaging data of tumor organoids and
later combined it with RNA-seq data profiles to better model tumor heterogeneities. This
trained the model to distinguish between patient-specific tumors based on morphological
differences. This step allowed the researchers to associate those morphological changes to
the genes responsible for tumor heterogeneities [88]. Similarly, Huang et al. also trained
a deep learning model to assign viability scores to colorectal cancer organoids with high
accuracy (0.91 Pearson correlation) based on their different morphologies [89]. As for
real-time monitoring of tumor organoids, Branciforti et al. used a CNN model to classify
and track breast cancer organoids. This is an essential technique as it eliminates bias and
ensures consistent data generation for longer processes [35]. Similarly, Matthews et al. also
designed a precise CNN, termed OrganolD, to label and track single organoids over time.
This automated approach becomes crucial when scaling up organoid production, as is
needed for precision medicine and disease modelling applications [90].
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Other deep learning models have also been used for organoid assessment. Feng et al.
trained a random forest model to label cellular regions of iPSC-generated cardiac organoids.
The model was initially trained on known scRNA-seq data and was then applied to a
diseased organoid harboring the NKX2-5 mutation that is linked to Ebstein’s Anomaly. The
model was then able to identify an upregulation of genes associated with the atrialisation
of the ventricle-lineage organoids, which is observed in Ebstein’s Anomaly [91]. The use
of Al in large-scale data interpretation such as scRNA-seq data of organoid models is
more efficient and consistent compared to manual analysis [92]. In another study, hiPSC-
generated brain organoids were cultured to examine the effects of 6-OHDA concentrations
on dopaminergic neurons [93]. The random forest model was able to distinguish between
healthy and 6-OHDA brain organoids using high-content imaging data with an 86% ac-
curacy. The model’s performance was then validated on midbrain organoids generated
using patient-derived iPSCs from Parkinson’s patients [93]. In addition to image segmen-
tation, Al tools can also be used for long-term monitoring of organoid development in
real-time. Sun et al. used a K-means++ clustering algorithm to monitor the proliferation
of hiPSC-generated islet organoids transplanted into a mouse model. The incorporation
of Al to record and interpret magnetic particle imaging offers a non-invasive method to
monitor organoids in real-time in vivo, a technique that could be applied to other organoid
applications [94].

Overall, CNNs have been the predominant algorithm used for organoid-based disease
modelling applications because of their ability to analyse and interpret complex imaging
data [35]. However, it is important to note that CNNs are computationally demanding
and require larger labelled training datasets to limit cases of overfitting. Therefore, factors
such as the data type and the desired outcome should be considered before selecting an
algorithm (Table 1).

Sophisticated Al algorithms are more consistent and accurate compared to traditional
analytical methods commonly used for organoid-based disease modelling [95]. Traditional
methods rely heavily on the accuracy and precision of human observation. They are labori-
ous and time-consuming, which limits their suitability for scaling up organoid production.
In addition, they cannot consistently track organoid development over long periods [33].
In addition to imaging analysis, these limitations are also applicable to sequencing data
analysis. Scaling-up organoid production requires the meticulous analysis of large-scale
multimodal data, and this cannot be performed accurately or sufficiently using traditional
analytical methods [32].

To compare the performance of different AI models, quantitative metrics like the
Jaccard index and the Dice similarity coefficient are employed. Alani et al. trained a U-Net
CNN model for organoid imaging that outperformed other algorithms in segmentation
analyses. In summary, the U-Net CNN model scored 94.5% on the Jaccard index, whereas
contour-based segmentation scored 89.7% and K-means segmentation scored 77.6% [95].
This pattern was also recorded in the Dice similarity coefficient. In another study, a U-
Net CNN model achieved 97.2% on the Dice coefficient [84]. These results highlight the
consistency of Al models in image segmentation.
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Table 1. Summary of studies that incorporated Al in organoid-based disease modelling applications.

Input Data Organoid Algorithm Disease Studied Main Findings Citation
. , Random forest model labelled
Imaging hiPSC-Brain Random Parlfmson S healthy and 6-OHDA brain Monzel et al.
Forest Disease . . . (2020) [93]
organoids from imaging data.
. ' Kemeans-+ ' U§ed ML .to monitor islet orgar}mds Sun et al. (2021)
Imaging hiPSC-Islet clusterin Type 1 Diabetes in real-time post-transplantation [04]
& using magnetic particle imaging.
Growth of CRC organoids was Gunnarsson
Imaging PDTO-Colon CNN Colorectal Cancer monitored in real-time by 3D et al. (2024)
imaging data. [86]
The model identified an
. . Random ., upregulation of genes associated Feng et al.
scRNA-seq hiPSC-Cardiac Forest Ebstein’s Anomaly with atrialisation in (2022) [91]
ventricle-lineage organoids.
The CNN model mapped
. 5 morphological data to RNA-seq data Takagi et al.
Imaging PDTO-Lung CNN Lung Cancer and managed to predict the drivers (2024) [88]
of tumor heterogeneities.
The SCOUT pipeline applies a CNN
. . s . . to high-resolution images to analyse ~ Albanese et al.
Imaging hiPSC-Brain CNN Zika Virus genetic and cytoarchitectural data of (2020) [84]
brain organoids.
The CNN classified healthy and
. . Huntington’s diseased neural organoids with high ~ Metzger et al.
Imaging hESC-Neural CNN Disease accuracy and was used as a drug (2022) [83]
screening tool.
The model was used for image
Imaging PDTO-Colon CNN (and Colorectal Cancer classification of different colorectal Abdul et al.
others) . (2022) [87]
cancer morphologies.
The model classified cystic and solid Huane et al
Imaging PDTO-Colon CNN Colorectal Cancer morphologies, and predicted (202 4% [89] '
apoptosis using fluorescent imaging.
Used CNN models to track breast Branciforti et al
Imaging Murine-Breast CNN Breast Cancer cancer organoid development for ’
(2024) [35]
13 days.
g POy PancraicDucal e NNl emed OnID. s ot
ging Pancreas Adenocarcinoma & & (2022) [90]

with high precision.

Abbreviations: Human induced pluripotent stem cells (hiPSCs). Colorectal Cancer (CRC). Human embryonic
stem cells (hESCs).

The performance of Al algorithms also matched human performance in organoid

identification and counting. Park et al. trained a U-Net CNN model, termed OrgaExtractor,

that managed to score 86.7% in the Dice similarity coefficient, as well as record no significant

difference compared to manual recognition (concordance correlation coefficient (CCC) of

0.95) [96]. In another study, the OrganolD CNN model performed similarly at organoid

counting and area measurements compared to manual recognition, recording a CCC of 0.95

and 0.97, respectively [90]. These results highlight the ability of Al to accurately identify

organoids compared to human performance. This makes Al indispensable for automating

laborious processes to meet the growing demand for organoid-based disease modelling in

personalized medicine.
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5. Challenges and Limitations

Deep learning techniques, such as CNNs, require large, comprehensive training
datasets to ensure reliable predictions based on real-world data [97]. This becomes crucial
in preclinical organoid research, specifically for disease modelling, because of the high-
dimensional data generated as well as inconsistencies in organoid culture depending on
the protocol adopted [48]. Further, strict validation strategies must be implemented on the
output of CNNSs in order to spot cases of overfitting and underfitting of the data [97].

Increased clinical data generation, specifically for Al-assisted research, requires up-
to-date data infrastructures compared to the traditional clinical data warehouse (CDW)
system [98]. The CDW system cannot support large-scale Al-assisted research. It is error
prone. The data are collected for clinical use rather than for research. This limits their
quality and reliability for Al applications. Other better suited architectures, such as clinical
data lakes (CDLs), are more flexible as they allow storage of unstructured data, as well as
offer real-time processing [98]. Therefore, upscaling organoid production in order to train
sophisticated Al algorithms requires generous financial investments in cutting-edge data
management tools.

Scaling up organoid production for large-scale disease modelling applications also
faces multiple limitations. Firstly, rigorous assessment of each organoid produced is a
requirement before the selection phase [26]. This ensures the quality of cells included
in the Al training dataset. Secondly, nationwide precision medicine aspirations using
organoids generated from patient tissue, such as iPSCs and PDTOs, are currently not an
attractive treatment option despite its potential because of the associated staggering high
costs and time-consuming labour [25]. Finally, the stringent regulations surrounding PDO
use should be expanded in light of increased Al incorporation. Alongside ethical regulation
surrounding stem cell origin as well as patient data security, the new framework should
also cover the possibility of organoid sentience and consciousness [79].

6. Future Directions

The role of Al in biomedical applications is still in its infancy, but the current common
limitations have directed the spotlight at multiple avenues for future research. First and
foremost, scaling up organoid production is of paramount importance for the advancement
of personalised disease modeling applications [26]. In addition to using other culturing
methods, such as mini-spinning bioreactors, the automation of certain tasks in the organoid
assessment phase should facilitate the scalability of organoids. This will generate more com-
prehensive data that is needed to train ML models, which necessitates building specialised
data infrastructures to store and distribute large amounts of data [78].

On a wider scale, the rise of organoid intelligence (OI) has ushered in more advanced
methods to study disease modeling. OI aims to merge computing and organoid culture
to better model brain-related diseases [78]. This creates a biological feedback mechanism
that can be studied in real-time thanks to intracellular electrical probes, such as microelec-
trode arrays (MEAs) that can be used to both stimulate and record electrophysiological
signals. An example of this has already been realised in DishBrain, a cell culture system
that used biofeedback to train neurons to play a game of ‘Pong’ [99]. At the center of
the OI biofeedback is AI, which assists in interpreting the optimised data and guides
further steps, making it useful to model dynamic neurodegenerative diseases, such as
Parkinson’s and dementia [78,100]. However, with increasing Ol-related research world-
wide, it becomes imperative to adhere to ethical guidelines as dictated in the Baltimore
declaration [79,100,101].

On a broader scale, it is also important to appreciate the data-related risks amplified
by Al including inaccurate data representation and data governance. The lack of quality
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control on data collection, algorithmic biases, and the rapid speed of Al-powered analyses
has led to the amplification of inherent biases present in large datasets [102]. For example,
Al-assisted medical imaging for skin lesion identification performs significantly worse on
underrepresented demographies [103]. This constitutes a significant problem related to Al
use due to the “black box” nature of some advanced ML tools [104]. Specifically, incomplete
understanding of the ML pipeline can lead to significant reproducibility issues, especially
in research contexts.

7. Conclusions

The integration of Al with organoid technology represents a transformative advance-
ment in biomedical research, offering new levels of precision, scalability, and translational
relevance in disease modeling. Innovative approaches such as digital twins and organoid
intelligence are increasingly narrowing the divide between biological experimentation and
computational simulation, accelerating the integration of organoids into drug discovery
pipelines and clinical diagnostics. It is important to distinguish between technologies that
are already validated in preclinical research and those that remain conceptual. Organoid-
based models and organoid-on-chip systems now have strong experimental support. They
use reproducible differentiation methods and controlled microenvironments and have
demonstrated predictive value in disease and drug response studies [105,106]. In contrast,
digital twin frameworks and Al-based physiological simulations are still emerging. Most
current work remains theoretical or limited to small proof-of-concept models [107,108].
Major challenges persist, including real-time physiological modelling, multimodal data
integration, ensuring data compatibility, enhancing the interpretability of Al algorithms,
and meeting regulatory standards for clinical deployment.

Advancing this field will demand coordinated efforts across disciplines to develop
robust ethical guidelines, standardized data frameworks, and transparent, explainable Al
tools. As these systems mature, the synergy between Al and organoid platforms is poised
to fundamentally reshape our approach to understanding disease, tailoring therapies, and
realizing the goals of precision medicine.

This meteoric rise of Al in research has been met with more stringent laws and
regulations to ensure that its use adheres to rigorous ethical guidelines. In recent years, the
European Union passed a series of regulations on Al use, termed the EU Al Act, which
adopts a risk-based approach to limit the specific risks of Al use on human health and
rights [109]. It is the first comprehensive legal framework of its kind. In comparison, other
nations such as the United States have regulated Al use loosely under the Software as a
Medical Device (SaMD) regulatory framework [109]. With how Al is likely to be ingrained
into the global medical sector, it is crucial to adopt strict and clear regulations on its uses
from the development stage to public use.
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