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Artificial intelligence (Al) is rapidly transforming stem cell and
developmental biology, offering new strategies to analyze, interpret and

optimize complex, dynamic systems such as organoids and stem cell-derived
embryo models. Inthis Perspective, we chart the integration of Alinto
image-based analysis of stem cell systems, highlighting how deep learning,
convolutional neural networks and emerging foundation models enable
automated classification, segmentation and phenotyping atincreasing

scale and precision. We showcase applications in phenotyping, drug
screening and mechanistic discovery, including real-time fate prediction

and the identification of hidden morphological signatures linked to
differentiation and disease. Practical challenges, including limited annotated
data, modelinterpretability and live imaging constraints, are examined
alongside future opportunities, such as multimodal integration, real-time
experimental steering and protocol optimization. Altogether, we argue

that Alis not merely an analytical tool, but a discovery engine that enhances
reproducibility, accelerates insight and brings us closer to a mechanistic
understanding of self-organization in complex stem cell-derived systems.

Stem cell-derived models have advanced both biomedical and funda-
mental research, offering physiologically relevant systems to study
disease mechanisms, support drug discovery, advance regenerative
medicine and elucidate fundamental principles of embryonic develop-
ment. Leveraging the intrinsic self-organization of pluripotent stem
cells, these models give rise to complex three-dimensional (3D) struc-
tures, including organoids that capture aspects of organ architecture
and embryo-like models that recapitulate early developmental stages.
Unlike traditional two-dimensional (2D) cell cultures, stem cell-derived
3D systems offer unique opportunities to study cellular behaviors, dif-
ferentiation processes and therapeutic responses within a context that
closely mirrorsin vivo conditions. However, their inherent complexity
andbiological variability pose considerable challenges to standardized
analysis and reproducibility.

As these systems increase in complexity and scale, their analysis
has become amajor bottleneck. Manual inspection and conventional
image analysis struggle to capture subtle morphological features, tem-
poral dynamics and rare developmental outcomes, limiting through-
put and reproducibility. This gap has driven the adoption of Al-based
image-analysis approaches.

Al-based and deep-learning-based image analysis are broadly used
across biomedical imaging. In stem cell-derived systems, standard
model architectures, combined with domain-specific adaptations,
enablesegmentation, detectionand representation learning for feature
extraction and clustering. By replacing manual analysis with stand-
ardized computational pipelines, these approaches support robust
quality control, phenotyping, trajectory prediction, high-throughput
drugscreening and disease modeling, while also yielding mechanistic
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insight. Collectively, they shift analysis from qualitative inspection to
quantitative, reproducible measurement at scale.

In this Perspective, we review Al-based image-analysis methods
applied to stem cell-derived systems, highlighting common methods
and architectures alongside domain-specific adaptations, addressing
current challenges and exploring emerging opportunities. We discuss
how Al reshapes experimental workflows, improving analytical preci-
sion and enhancing reproducibility in fundamental and biomedical
stem cell research.

Core conceptsin Al-based image analysis

Al has swiftly emerged as atransformative force, reshaping how scien-
tists analyze complex, high-dimensional datasets in biology. Many of
these advances are driven by machine learning, a central branch of Al
thatenables models to classify samples and make predictions without
explicit, hand-crafted rules. For a glossary of terms, see Box 1.

Classical machine-learning approaches remain usefulinstemcell
biology when datasets are modest, labels are scarce or interpretability is
required. Supportvector machines (SVMs)'and logistic regression’ rely
on previously extracted features to enable quality control, stage differ-
entiation and lineage classification. Meanwhile, k-means®and related
clustering can delineate morphological phenotypes of organoids
and embryo-like models. Despite their simplicity, these approaches
offer robustness, transparency and computational efficiency, which
continue to make them effective in diverse biological applications*’.

A major shift occurred with the advent of neural networks, par-
ticularly convolutional neural networks (CNNs), which replaced
manual feature engineering with automated, hierarchical feature
learning directly from images. CNNs are built from convolutional
layers (Fig. 1a), which apply learnable filters to identify patterns such
as edges, textures and shapes. As information propagates through
successive layers, these local features are progressively combined
into more abstract representations, enabling the capture of complex
biological structures.

Following convolution, pooling layers (Fig. 1b) reduce the spatial
resolution of feature maps while retaining the mostinformative signals.
By summarizing local neighborhoods through max or average pooling,
they improve computational efficiency, increase robustness to small posi-
tional shifts, and help reduce overfitting by limiting model complexity.

To stabilize and accelerate training, batch normalization layers
(Fig. 1c) are commonly added after convolutions. These normalize
intermediate outputs and thereby improve model generalization.
Convolutions, normalization and pooling are typically combined into
convolutional blocks, the building units of deep CNNs. By stacking
these blocks, CNNs can modelincreasingly complex image features.

At the network output, fully connected layers, like those used
in multilayer perceptrons (MLPs), aggregate learned features for
high-level interpretation (Fig. 1d), and a softmax layer converts pre-
dictionsinto class probabilities (Fig. 1e).

Beyond image-level classification, CNN-based architectures can
be extendedtotasks that require the localization of structures within
an image. In this context, region proposal mechanisms (Fig. 1f) iden-
tify candidate regions that are likely to contain objects of interest.
Region-based pooling operations then extract feature representations
fromthese regions. Finally, bounding-box regression layers refine the
spatial coordinates of predicted regions, allowing accurate localization
ofbiological structures such as colonies or embryonic compartments
(Fig.1g). These components form the conceptual basis for CNN-based
detection models discussed later in the Perspective.

More recently, transformer-based models have been intro-
duced to image analysis by replacing convolutional operations with
self-attention mechanisms®. This mechanism guides the transformer to
prioritize the mostrelevant parts of the same image. Although concep-
tually powerful, their limited inductive bias and high datarequirements
currently constrain their adoption in stem cell imaging. As a result,

BOX1

Glossary

Activation function Nonlinear mathematical function enabling
neural networks to learn complex patterns.

A common example is the ReLU.

Batch normalization layer  Layer that standardizes activations within
a network, improving training speed and

stability.

Convolutional block Modular CNN unit typically consisting of
convolution, batch normalization and pooling

layers for hierarchical feature extraction.

Encoder-decoder Architecture in which the encoder compresses
input into a latent representation and the
decoder reconstructs or transforms it.

Common in segmentation and autoencoders.

Hierarchical feature
learning

Extraction of features with increasing
abstraction, from simple edges in early layers
to complex structures in deeper layers.

MLP Fully connected neural network with input,
hidden and output layers, commonly used for

classification.

Neural network Machine-learning model composed of
interconnected layers of artificial neurons that
process data through weighted connections

and nonlinear activations.

Overfitting When a model learns training data too
closely, including noise, reducing its ability to

generalize to new data.

Pooling layer Downsampling layer that reduces spatial
resolution and computation (for example,

maximum or average pooling).

Residual connections Shortcut connections that add layer inputs to
outputs, enabling stable training of very deep

networks.

RNN Neural network architecture for sequential
data that maintains internal memory to capture

temporal patterns.

Self-attention Mechanism that weights relationships
between elements within an input, capturing
long-range dependencies. Core component of

transformer models.

Output layer that converts prediction scores
into class probabilities.

Softmax layer

Supervised learning Training approach where models learn from

labeled data to map inputs to known outputs.

Learning approach that discovers patterns or
structure in unlabeled data, such as clustering
or dimensionality reduction.

Unsupervised learning

Vanishing gradient
problem

Training issue where gradients shrink during
backpropagation, preventing effective
learning in early network layers.

CNNsremain the most practicaland commonly used architectures for
image-based analysis in this field.

Al approaches for stem cellimage analysis

CNN-based models form the backbone of mostimage-analysis pipelines
in stem cell biology, enabling tasks ranging from image-level classifi-
cationto segmentation, object detection and feature extraction. This
sectionintroduces these core task categories ata conceptual level, fol-
lowed by domain-specific adaptations, while detailed and up-to-date
applications are discussed in the next section.

Nature Methods


http://www.nature.com/naturemethods

Perspective

https://doi.org/10.1038/s41592-026-03202-x

b Pooling

A

a Convolutional

Kernel

€@ Softmax f Region proposal
f 0.2 ] " 0.01 ]
4.9 0.94
0.8 > | 0.02
0.6 0.01
. 0.9 | L 0.02 |

-Predicted bbox

Fig.1| Core Al components used inimage-based analysis in stem cell biology.
Illustration of essential building blocks of deep-learning models, including
convolution, pooling, batch normalization and region proposal layers.

These components are commonly combined to enable feature extraction,
classification and localization of biological structures in complex imaging
datasets. a, Convolutional layers apply learnable filters to input images

to extract spatial features such as edges, textures and patterns. b, Pooling
layers reduce spatial resolution by summarizing local regions, enhancing
computational efficiency and translation invariance. ¢, Batch normalization
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improves training stability and speed by normalizing activations across mini-
batches. d, Fully connected layers integrate features extracted in previous layers
to make final classification or regression decisions. e, Softmax layers convert
raw network outputs into probability distributions for classification tasks.

f, Region proposal mechanisms identify candidate regions within animage
likely to contain objects of interest, feeding into subsequent classification and
refinement stages. g, Bounding-box (bbox) regression quantifies the agreement
between predicted and ground-truth bounding boxes in object detection.

Classification

Image classification assigns labels to entire images, enabling dis-
crimination of stem cell types, differentiation states, culture con-
ditions or model systems. A range of standard CNN architectures
have been applied depending on dataset size,image complexity and
the biological context. Early studies used LeNet”®, AlexNet*'° and
VGG16 (ref. 11) for smaller datasets and simpler tasks, while Goog-
LeNet”? and Xception™'* were applied to more complex or multi-scale
morphologies. ResNet"” (Fig. 2a) enabled training of deeper mod-
els for fine-grained differentiation state classification'®", while
DenseNet’ proved effective in data-limited settings due to efficient
feature reuse'”*. Together, these studies illustrate pragmatic CNN
architecture selection driven by experimental constraints and
classification goals.

For time-series classification, recurrent neural networks (RNNs)
and CNN-RNN hybrids capture temporal dynamics, such as develop-
mental progression in time-lapse microscopy datasets®. However,
due to the instability and vanishing gradient problems of standard
RNNs, more advanced variants like long short-term memory networks
or transformer architectures are now used”>*. These architectures
are better suited for learning long-range dependencies in biological
sequences and dynamicimaging data.Inaddition, arecent study dem-
onstrated that training a CNN on single time-point images and then
aggregating predictions across multiple time points outperformed
both single-frame CNNs and end-to-end video classification models
(Fig.2b)".

Beyond conventional approaches, relative representation learning
provides analternative strategy by training models to assess similarity
between samples. Rather than assigning labels based on predefined
visual features, the model learns representations that place biologi-
cally and morphologically similar stem cell colonies close together,
while separating dissimilar ones. Triplet-net approaches, for example,
compare anchor, positive and negative samples toimprove separation
of visually similar classes of stem cell colonies (Fig. 2¢)**, complement-
ing standard CNN-based classification.

Segmentation

To quantify stem cellsand stem cell-derived models in microscopyimages,
researchers often need to determine cell locations and shapes. Image
segmentationaddresses this problemby assigning alabel to every pixelin
animage, thereby separatingbiological structures from the background.

Two maintypes of segmentation are commonly used inbiological
imaging: semantic and instance segmentation. Semantic segmentation
labels all pixels of the same class together, for example, marking all
nucleiin animage withoutdistinguishingindividual cells. In contrast,
instance segmentation assigns a separate label to each object, enabling
the delineation of individual cells or organoids.

Early deep-learning approaches for segmentation were based on
fully convolutional networks (FCNs), which preserved spatial informa-
tion across theimage®?. Building on this idea, U-Net*”** has become a
standard architecture for segmentationin stem cell biology. Itsencoder
extracts image features while reducing resolution, and its decoder
reconstructs a full-resolution segmentation mask (Fig. 2d). Skip con-
nections betweenencoder and decoder layers help preserve fine spatial
details such as thin cell boundaries.

Some biological objects have characteristic shapes that can be
exploited explicitly. StarDist®’, for example, represents each object
asastar-shaped polygon defined by radial distances from its center°
(Fig. 2e). This approach is especially effective for round or mildly
elongated structures, such as nuclei, single stem cells or spheroids,
and often yields more accurate separation of touching objects than
standard pixel-based methods.

Segmentation models have also been adapted to handle complex
imaging conditions, suchas dense organoid cultures or high-resolution
screening data. For example, theresidual double dynamic convolution
attention U-Net (RDAU-Net) extends the standard U-Net architecture
by incorporating attention mechanisms and dynamic convolutions®
(Fig. 2f). This design helps the model focus on biologically relevant
regions while suppressing background noise, leading to improved
segmentation accuracy in challenging settings such as organoid-based
drugscreening’.
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Fig. 2| Al architectures and modifications for tasks in stem cell biology.

a-1, Methods are grouped by task: classification (a-c), segmentation (d-f),
object detection (g-i) and feature extraction with clustering (j-I). a, Standard
classification networks are based on CNNs composed of sequential convolutional
blocks and global average pooling, followed by fully connected and softmax
layers to derive class probabilities. These architectures are commonly adapted
orretrained for stem cell applications. b, A classification network for time-

series data processes consecutive time points with a CNN, and the resulting
predictions are combined to yield the final classification. ¢, In some cases,
relative representation learning compares query image patches to reference
patches®, assigning the query to the class of the most similar reference based

on feature representations. d, Segmentation networks, such as U-Net”, use
symmetric encoder-decoder architectures with skip connections and are widely
applied inbiomedical imaging, including stem cell systems. e, Specialized
networks such as StarDist* are optimized for separating densely packed objects
by jointly predicting an object probability (p) and a set of radial distances (r)
from each pixel to the object boundary along predefined directions, enabling
segmentation of cells inside organoids®’. f, RDAU-Net* integrates dynamic
convolution to expand the receptive field, which has been shown to be valuable
for high-resolution organoid images. g, Object detection models, such as Faster

R-CNN, combine a convolutional backbone with a region proposal network

to predict bounding boxes and their corresponding class labels, valuable for
localizing and counting organoids®. h, More recent architectures, such as
YOLOVS (ref. 42), predict bounding boxes and class labels in a single step, offering
faster inference with high accuracy for large-scale organoid detection’. i, Further
optimizationincludes replacing the YOLO backbone with RepVGG, achieving
faster inference and improved performance in organoid detection®. RepVGG
uses amulti-branch structure during training but uses a single path for inference.
Jj, Convolutional autoencoders compress inputimages into a lower-dimensional
latent space (feature vector), and then reconstruct the original image from this
representation. This feature vector is used, for example, for unsupervised feature
extraction in organoid drug screening’™. k, Siamese networks encode image pairs
into a feature vector and map them to similarity scores, assigning positive scores
forimages from the same cluster and negative scores for images from different
clusters*®*°.1, DINO* learns representations from differently augmented views of
the same image without reconstruction or paired inputs, producing embeddings
suitable for clustering, such as grouping stem cell-derived embryos®. ReLU,
rectified linear unit; BN, batch normalization. Images reproduced with
permission from the following: c, ref. 24, IEEE/ACM; e, ref. 29, Springer; i, ref. 43,
Elsevier © 2024; Kk, ref. 50, CCBY 4.0.
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More recently, transformer-based models have been introduced
for image segmentation. These architectures capture long-range
relationships across an image, which can be beneficial when struc-
tures span large spatial scales. Examples include SegFormer®*** and
foundation-model approaches such as Segment Anything (SAM)***.
Extensions such as micro-SAM** further tailor these models for interac-
tive useinbiologicalimaging, enabling researchers to refine segmenta-
tions with minimal manual input.

Object detection

Inimages involving overlapping stem cells or stem cell-derived mod-
els, pixel-level segmentation is infeasible and can also struggle with
real-timeimage processing due toits computational complexity. Object
detection offers a more scalable alternative by localizing objects via
boundingboxes, an approachwell suited for tasks like counting, track-
ing or density estimation. Bounding-box annotations also simplify
the ground-truth generation compared with delineating precise con-
tours for pixel-level segmentation, facilitating the creation of larger
training datasets.

Object detection models differ mainly in how candidate object
regions are generated and classified. Two-stage detectors, such as
faster region-based CNN (Faster R-CNN), first extract shared feature
representations using a CNN backbone and then perform region pro-
posal and object classificationinseparate steps (Fig. 2g). Although this
modular design haslaid the foundation for object detectionin stemcell
biology”, Faster R-CNN s increasingly being replaced by faster alterna-
tives such as Mask R-CNN or YOLO. Mask R-CNN extends Faster R-CNN
by adding a branch that predicts a pixel-level segmentation mask for
eachdetected object, which canbe useful when distinguishing between
overlapping stem cells of the same class®. Cascade R-CNN improves
detection accuracy through multiple refinement stages that enable
more precise recognition of complex structures®*°,

In contrast, one-stage models like YOLO have become widely
popular due to their ability to perform detection and classification
in a single step. Recent versions such as YOLOX* and YOLOVS (ref.
42; Fig. 2h) strike a compelling balance between speed and accu-
racy, and have already been applied for organoid detection. Building
on this, another study further optimized the branching of YOLO to
improve performance in organoid detection from brightfield images
(Fig. 2i)*. Although not yet commonly used in stem cell biology,
transformer-based detectors are rapidly gaining traction as powerful
alternatives for object detection across various domains**.

Feature extraction and clustering

Beyond localization and classification, deep learning can also learn
informativeimage representations and enable unsupervised compari-
sons. This capability is particularly valuable in stem cell biology, where
labeled data are often scarce and manual feature engineering can be
impractical. Models such as convolutional autoencoders*, Siamese
networks*® and DINO*~* exemplify how deep learning can extract
abstract features, facilitate anomaly detection and enhance compara-
tive analysis without relying on predefined labels.

Convolutional autoencoders consist of an encoder that com-
presses input images into a lower-dimensional latent space and a
decoder that reconstructs the original image from this representa-
tion (Fig. 2j). They are widely applied in anomaly detection, image
denoising and feature extraction when labels are limited. Siamese
networks, which use two branches with shared weights, learn simi-
larity relationships between image pairs and are useful for tasks
like stage estimation and temporal alignment without requiring
explicit class labels (Fig. 2k)***°. DINO, by contrast, does not rely on
reconstruction or paired inputs, and instead learns from differently
augmented views of the same image (Fig. 21)**® and is well suited
to large unannotated datasets for clustering’. Crucially, tracking
these learned representations over successive time points, whether

interpretable morphological descriptors or latent features, can
quantify developmental dynamics and trajectories of stem cell-
derived models.

Domain-specific Al modifications

Deep-learning models developed for naturalimage analysis are increas-
ingly applied to stem cellimaging, but differences inimage structure,
channel composition and semantic meaning often necessitate targeted
domain-specific modifications. Inaddition to these architecture-level
adaptations, training strategies such as dataaugmentation and transfer
learning are commonly used to improve robustness in data-limited
microscopy settings, as discussed in the next section.

Most pretrained deep-learning architectures are designed for
three-channel (RGB) images, reflecting natural image datasets. This
creates a mismatch with stem cell imaging, which typically involves
grayscale brightfield images or multichannel fluorescence data cap-
turing distinct molecular markers. For grayscale brightfield images,
a common strategy is to replicate the single channel across all three
input channels, enabling the reuse of pretrained RGB networks with-
outarchitectural changes. In contrast, awidely used workaroundis to
assign specific biological channels (for example, nuclear, cytoskeletal
and membrane stains) to the red, green and blue dimensions of the
model input. While this enables the reuse of existing architectures
with minimal modification, it can obscure the semanticindependence
of each channel.

Tomore faithfully represent biological data, CNNs can be adapted
to accept arbitrary numbers of input channels’. This modification
allows for direct modeling of high-dimensional fluorescence stacks and
otherimaging modalities, without the need to collapse biologically dis-
tinct signals. These domain-specific adjustments substantially extend
the utility of deep-learning models, ensuring compatibility with the
complex and varied image formats encountered in stem cell research.

Al applications in stem cell biology

Stem cell research presents a uniquely complex challenge: stem
cell-derived systems are dynamic, heterogeneous and difficult
to analyze manually, especially when scaled for high-throughput
experimentation. Subtle morphological cues, asynchronous differ-
entiation events, and culture-to-culture variability create consider-
able barriers to reproducibility and strain traditional image-analysis
methods. In this context, Al offers scalable, automated and sensi-
tive approaches for monitoring and dissecting stem cell systems
invitro. From quality control and phenotyping to drug screening and
mechanistic discovery, Al-driven image analysis is reshaping stem
cellresearch.

Quality control and phenotyping

Stem cells in culture. The promise of pluripotent stem cells lies in
their unparalleled ability to self-renew and to differentiate into virtu-
ally any cell type. This unique biology has made them foundational
tools for developmental biology, regenerative medicine and disease
modeling. Most commonly, these cells are harvested from embryonic
or adult tissues or are generated via reprogramming of somatic cells
intoinduced pluripotent stem (iPS) cells®. Once established, cultures
must be maintained under tightly controlled conditions to preserve
their pluripotency and expansion potential. Yet even under optimal
conditions, stem cell cultures are prone to heterogeneity, senescence
and unwanted differentiation, which can jeopardize downstream
applications. This creates a need for automated, reliable and nonin-
vasive approaches to monitor stem cell quality, ademand increasingly
addressed by Al-powered image analysis.

Recent studies have demonstrated the value of deep learning in
the routine monitoring of stem cell cultures based solely on label-free
light microscopy. For example, VGG16-based models have accurately
distinguished between high-quality and low-quality human embryonic
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Fig. 3 | Representative Al-enabled image-based analysis in stem cell biology.
Alenables scalable, reproducible image-based classification, segmentation

and prediction in stem cell systems. a-c, In the context of phenotyping and
quality control (QC), Al distinguishes pluripotent from differentiating stem
cells based on subtle morphological cues (a)", predicts lineage outcomes from
brightfield (BF) images combined with marker expression (b)®* and classifies
stem cell-derived structures by developmental quality, supporting objective
scoring across experiments (c)**. d,e, In drug screening and disease modeling, Al
classifies phenotypic outcomes such as organoid budding behavior and opacity
under compound exposure (d)"*, while segmentation-based analysis quantifies

Initial number of cells

treatment responses by tracking morphological changes, including lumen
expansion, over time (e)”. f-h, For mechanistic insight, Al enables multi-scale
feature extraction, from cellular microenvironments to tissue organization (f)*,
detects functional behaviors such as cardiomyocyte beating from video

data (g)** and identifies early predictors of successful development, including
initial cell number, supporting refinement of differentiation protocols (h)°.
Scale bars, 50 pm fora, 100 pm ford and h and 10 um for g. Images reproduced
with permission from the following: d, ref. 14, Royal Society of Chemistry; g, ref. 26,
© Optical Society of America. Other images reproduced under a Creative
Commons license CCBY 4.0: a, ref.17; b, ref. 62; ¢, ref. 64; e, ref. 75; h, ref. 5.

stem cell colonies®?, as well as between functional and nonfunc-
tional iPS cell-derived cardiomyocytes®’. Likewise, DenseNet-based
networks have been applied to predict the multipotency of nasal
turbinate-derived adult stem cells solely from morphology, eliminat-
ing the need for invasive biochemical assays®’. Cascade R-CNN models
have shown to be adept at detecting senescent mesenchymal stem
cells (MSCs), identifying hallmarks of cellular aging that compromise
regenerative potential*°. Together, these models enable early exclusion
of nonfunctional cells, thusimproving the consistency of downstream
differentiation protocols.

A central parameter for assessing stem cell health, particularly
in iPS cell systems, is colony morphology. iPS cells, which are repro-
grammed from somatic cells into a pluripotent state, form distinct
colonies that reflect their pluripotent status, and alterationsinshape,
size or texture often precede changes in cell fate. These colonies serve
asakeyindicator of pluripotency, making their monitoring essential for
ensuring reproducibility and consistency in stem cell cultures. CNNs
such as AlexNet have been used to detect and score these colonies
based on brightfieldimaging, offering a label-free, scalable alternative
to conventional staining or reporter-based methods'.

Beyond snapshot-based quality assessment, Al has also ena-
bled dynamic analysis of cellular behavior over time. For instance,
VGGl16-based models integrated with object detection and tracking
pipelines have been used to analyze keratinocyte stem cell motion,
providing kinetic information that correlates with cellular potency
and viability**. This temporal dimension enables detection of gradual
phenotypic drift that may precede overt differentiation.

Stem cell cultures arerarely synchronized. Atany given time, cells
in the same dish may occupy different stages along a differentiation
continuum. This heterogeneity complicates analysis but also pre-
sents an opportunity for deeper insight if it can be properly resolved.
Al has shown considerable power in this area. ResNet, known for its
ability to train very deep networks via residual connections, has been
applied to distinguish undifferentiated mouse embryonic stem cells
from epiblast-like cells and, similarly, to separate iPS cells from their
mesodermal derivatives (Fig. 3a)".

Custom CNNs trained on phase-contrast microscopy have
effectively discriminated between undifferentiated iPS cells and iPS
cell-derived hepatocytes™, highlighting how tailored architectures
can capture lineage-specific morphology. Similarly, AlexNet applied
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to phase-contrast images has accurately identified iPS cell-derived
endothelial cells within mixed cultures®, supporting fast and
robust classification.

In MSCs, where morphological variation is subtle, ResNet has
enabled fine-grained phenotyping of subpopulations in imaging
flow cytometry’®. CNN-based approaches have also classified MSCs
in label-free light microscopy, undergoing adipogenic”, tenogenic*®
and osteogenic differentiation®, enabling quantitative assessments
of lineage commitment and differentiation potential.

Importantly, several studies have extended beyond binary clas-
sification to model gradual cell-state transitions in label-free light
microscopy. A CNN-based pipeline classified C2C12 myoblasts into
three distinct differentiation stages®, while another identified six
reprogramming stages in iPS cell cultures®. These multiclass models
demonstrate deep learning’s ability to capture continuous cell-fate
trajectories rather than discrete end states.

While distinguishing stem cells at different differentiation stages is
important, selecting cells before overt differentiation allows detection
of earlier and more subtle fate commitments. Al-driven approaches are
particularly well suited to this regime. For example, Xception-based
models trained onimaging flow cytometry data, which combine bright-
field and fluorescence imaging, have predicted whether neural stem
cellswould become neurons, astrocytes or oligodendrocytes, provid-
ingawindowinto fate commitmentat the earliest morphological stages
(Fig.3b)®%. In hematopoietic systems, a hybrid model combining LeNet
with RNNs inferred lineage choices in brightfield microscopy several
generations before traditional markers emerged, enabling the rapid
assessment of hematopoietic differentiation?.

Taken together, these advances highlight the enormous potential
of Alin stem cell culture monitoring. By enabling real-time, noninva-
siveand highly accurate assessments of stem cell identity, quality and
fate potential, Al is progressively influencing how researchers select,
cultivate and characterize stem cells.

Stem cell-derived models. Beyond simple stem cell cultures,
the formation of complex 3D structures such as organoids and
stem cell-derived embryo models has revolutionized in vitro mod-
eling of development, disease and tissue regeneration. These
self-organizing systems mimic key aspects of organ architecture or
early pre-implantationand post-implantation development. However,
their inherent complexity and variability introduce substantial chal-
lenges for standardization, reproducibility and phenotypic consist-
ency. Al-drivenimage analysis provides ascalable solution for objective
quality control, morphological quantification and high-throughput
phenotyping across model systems.

Similarly to traditional stem cell cultures, organoid differentia-
tion trajectories vary widely, and subjective manual selection often
introduces observer bias. To address this, deep-learning models have
been used to predict differentiation status directly from brightfield
images. For instance, DenseNet architectures trained on human iPS
cell-derived kidney organoids achieved accurate, noninvasive assess-
ments of differentiation potential, enabling earlier and more reliable
selection of well-formed structures”. Likewise, a ResNet model out-
performed expert annotations in classifying retinal differentiation
from mouse embryonic stem cell-derived retinal organoids, allowing
objective identification of developmental progress without requiring
fluorescent reporters or destructive sampling’.

Beyond early-stage classification, Al has proven instrumental in
monitoring the structural quality and consistency of developing orga-
noids. Incerebral organoids, U-Net-based pipelines applied to magnetic
resonance imaging enable longitudinal tracking of size and shape®,
while k-means clustering has identified key morphological indica-
tors such as Feret diameter as proxies for developmental robustness
(Fig. 3¢)**. In stem cell-derived embryo models, a ResNet-based CNN
distinguished high-quality and low-quality mouse post-implantation

models (ETiXs) at both early and advanced stages, enhancing reproduc-
ibility and enabling objective selection’. Related approaches applied
to in vivo embryos have identified early morphological descriptors
predictive of later morphogenetic outcomes®, conceptually align-
ing with Al-based strategies that link early image-derived features
to downstream developmental trajectories. Similarly, Al classified
human blastoids into five distinct quality groups from brightfield
images, demonstrating high-throughput phenotyping®. In liver and
alveolar organoid cultures, ResNet architectures have been used to
track morphogenesis, growth rates and symmetry features, allowing
for automated quality monitoring®. Al also improves the robustness
of the analysis pipeline itself, with SVM models used to detect and
remove segmentation artifactsinintestinal organoids, thereby refining
quantitative outputs and downstream analyses®.

Al-driven phenotyping extends beyond quality control to detailed
morphometric analysis and case-control comparisons. Advanced
pipelines now combine segmentation, object detectionand clustering
to extractandinterpret phenotypic features across organoid types. In
brainorganoids, aU-Net-based pipeline applied to light-sheetimaging
enabled quantification of rosette-like structures, facilitating assess-
ment of neuronal development®®, In parallel, brightfield pipelines
such as MOrgAna integrate MLP models with logistic regression to
analyze shape and growth dynamics in large organoid populations®s,
Additional approaches use custom CNN architectures®, the SegFormer
model®, Segment Anything® and fluorescence-based methods such
as StarDist to segment cells and structures within brain organoids®.
Instance segmentation models, which are particularlyimportant when
organoids overlap or formin clusters, have become a major focus. For
example, Faster R-CNNis used in the OrgaQuant pipeline tolocalize and
countintestinal organoids from brightfield images®. U-Net and Mask
R-CNN have both been applied to densely seeded kidney organoid cul-
tures’’. By combining object detection with pixel-level segmentation,
Mask R-CNN enables accurate delineation of individual organoids in
crowded, high-throughput settings.

Object detection-based pipelines are particularly useful for
real-time monitoring and for identifying overlapping stem cell-derived
models withina culture dish. Deep-Orga, based on the YOLOX architec-
ture, enables rapid detection and tracking of densely packed intestinal
organoids under brightfield microscopy*’. While ResNet is traditionally
used for classification tasks, it can also serve as arobust feature extrac-
tor in detection and tracking frameworks. In hepatic and pulmonary
organoid systems, paired ResNet modules have been used to automate
long-term monitoring of organoid growth and morphology by captur-
ing fine-grained features across time points®.

Beyond segmentation and object detection, some Al-driven phe-
notyping pipelines assess organoid similarity through clustering,
deep learning or integrating multiple computer vision tasks. Cluster-
ing has been used to characterize and differentiate morphological
developmentinbrain organoids across different stages based on seg-
mented brightfield images and to systematically classify phenotypic
subtypesinintestinal organoids™. Toimprove organoid reproducibility,
ResNet-based Siamese networks have been utilized toidentify morpho-
logically similar organoids, facilitating standardized assessments™.
Additionally, a multilevel pipeline integrating DenseNet for classifi-
cation, U-Net for segmentation and YOLOVS for object detection has
been designed to analyze brain organoids using both brightfield and
fluorescence microscopy, enabling multilevel phenotypic analysis’.

As stem cell-derived models increase in complexity, the need for
scalable and unbiased phenotyping grows. Al provides an integrated
toolkit spanning early differentiation prediction and longitudinal
monitoring, supporting standardization and high-throughput analysis.

Disease modeling and drug screening
A central goal of stem cell research is to uncover the mechanisms
underlying human disease and to accelerate the development of new
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therapies. iPS cells have become a cornerstone of disease modeling,
offering patient-specific platforms that preserve genetic backgrounds
and mimic in vivo biology more faithfully than traditional cell lines.
These systems allow for the generation of organoids or differentiated
cell types that recapitulate disease-specific phenotypes, providing a
unique window into pathophysiology. Yet, many disease-related altera-
tions are subtle, heterogeneous and dynamically regulated, making
them difficult to detect using conventionalimaging or manualinspec-
tion. Deep learning enables sensitive and scalable identification of
such phenotypes, which is particularly important for rare diseases
and personalized medicine.

Inthis context, CNNs have demonstrated an exceptional capacity
to recognize disease-specific morphological patterns. For example,
acustom CNN architecture trained on iPS cell-derived colonies from
individuals with Huntington’s disease successfully identified subtle
morphological shifts that were not apparent to human experts*. This
illustrates Al's capacity to uncover cryptic phenotypic signatures and
stratify patient-derived lines.

Al's utility extends even further when applied to drug screening,
anessential phasein the therapeutic development pipeline. Organoids
derived from patient iPS cells offer a physiologically relevant setting
for testing compound efficacy and toxicity, but analyzing responses
across hundreds or thousands of samples quickly becomes infeasi-
ble through manual means. Deep-learning-based pipelines allow for
rapid, standardized evaluation of treatment outcomes, greatly accel-
erating discovery and reducing human bias. These models can quan-
tify treatment-induced changes in morphology, viability or marker
expression, even when effects are subtle or heterogeneous across the
organoid population.

Building on these capabilities, several Al tools automate the clas-
sification of organoid responses to drug treatment. For instance,
D-CryptO, leveraging an Xception-based architecture, was applied to
colonorganoids to predict both structural maturity and drug respon-
siveness with high fidelity (Fig. 3d)". This enabled rapid and noninva-
sive evaluationoftreatment outcomes. Likewise, OrgaNet,a CNN-based
model, classified organoid viability across diverse conditions, surpass-
ingtraditional ATP bioluminescence-based viability assaysin sensitivity
and reproducibility”. These tools exemplify how CNNs can replace or
complementbiochemical readouts withimage-based assessments that
preserve spatial context and allow real-time tracking.

In more complex scenarios, Al enables integrative analysis that
goes beyond classification. One study combined a ResNet model for
disease detection witha convolutional autoencoder for unsupervised
feature extraction, revealing latent phenotypic clusters that corre-
spond to drug-response profiles in Huntington’s disease organoids™.
This dual strategy improved discrimination and enabled an unbiased,
data-driven stratification of compounds, thereby facilitating more
refined drug-response profiling. Such approaches hold promise for
drug-repurposing screens, where phenotypic outcomes may not fol-
low predefined categories.

Segmentation models are also central to drug screening, as
they allow precise measurement of organoid shape and behavior
in response to treatment. For example, a U-Net-based model was
applied to brightfield images of bladder cancer organoids. This
approach, termed OrgaSegment, tracked drug responses through
changes in organoid area without the need for staining” (Fig. 3e).
In the specific context of cystic fibrosis, where swelling responses
of intestinal organoids serve as functional readouts, the pipeline
automatically quantified CFTR-mediated organoid swelling under
different drug treatments. Other pipelines combine brightfield
and fluorescence imaging. In one case, an FCN (the predecessor
of U-Net) was used to extract morphology from brightfield images
while detecting apoptosis markers in fluorescence channels. This
enabled detailed time-lapse analysis of drug-induced cell death in
patient-derived organoids’.

Taken together, these advances highlight the transformative
potential of Alin disease modeling and therapeutic screening. Deep
learning enables robust and scalable analysis of organoid pheno-
types, revealing subtle disease signatures and drug responses that
conventional approaches often miss. By integrating classification,
segmentation and clustering, unified Al pipelines enable systematic
characterization of biological variability and treatment effects, advanc-
ing precision medicine. While stem cell-derived models still require
in vivo validation, their integration with Al improves experimental
rigor, reduces bias and boosts throughput, strengthening the link
between discovery and clinical application.

Mechanistic insights

Beyond their established rolesin quality control, phenotyping and drug
screening, Almodels are increasingly being leveraged to investigate
the underlying biological mechanisms that govern the development of
stem cell-derived models, stem cell differentiation and disease progres-
sion. By detecting patterns that elude human perception, these models
enableresearchersto probe questions related to morphogenesis, cell-
cell communication and spatial organization, which are core aspects
of developmental biology that have historically been challenging to
quantify at scale.

Segmentation-based approaches deepen our mechanistic under-
standing by extracting features at single-cell resolution. StarDist-based
3D cell segmentation has enabled high-throughput characterization
of organoid topology, facilitating the quantification of cell packing,
spatial heterogeneity and neighborhood relationships across thou-
sands of structures®*”. This allows researchers to bridge scales, from
subcellular structures to tissue-level architecture (Fig. 3f). These tools
could be particularly powerful when applied to perturbed environ-
ments, where conventional section-based analyses provide limited
three-dimensional information. For example, studies of organoids
culturedinmicrogravity have revealed how altered mechanical forces
reshape epithelial architecture and lumen formation, offering clues
about the physical constraints guiding morphogenesis’™. Automated
3D segmentation could quantify these effects throughout whole orga-
noids. In human iPS cell-derived cardiomyocytes, FCNs have been
used to segment nuclei and quantify contractile behavior, offering a
dynamicreadout of electrophysiological maturation and rhythmicity
(Fig.3g)*. This enables investigation of how genetic or pharmacologi-
cal perturbations affect coordinated beating.

Integrating deep learning withmultimodal data enables functional
insightsinto developmental processes. In one study, the MOrgAna pipe-
line combined deep-learning-based segmentation of stem cell-derived
embryo models with transcriptomic datato link early metabolic states
and morphological outcomes’. High glycolytic activity predicted suc-
cessful trunk-like cell formation, while lower glycolysis and relatively
increased oxidative phosphorylationled to disrupted morphogenesis
and abias toward neural-like cells. In another study, FCNs were used to
extract morphological and fluorescence features from thousands of
3D gastruloid images, creating an Al-driven phenotypic landscape®.
Integration with single-cell transcriptomic and epigenomic data then
revealed regulatory modules of symmetry breaking and informed a
dual Wnt-modulation strategy that enhanced anterior patterning.

Mechanistic insights further emerge from classification mod-
els trained on high-dimensional image datasets. In stem cell-derived
embryo models, for example, CNNs such as ResNet, along with clas-
sical machine-learning algorithms like SVMs, have been applied to
predict developmental success based on early morphological fea-
tures. These models uncovered that a higher number of initial cells
significantly increases the likelihood of successful embryoid formation
(Fig.3h)’,illustrating how Al can connect early conditions to emergent
tissue organization.

Atthe sametime, while stem cell-derived systems provide experi-
mentally tractable platforms to study developmental processes, their
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Fig. 4| Challenges and future directions for integrating Al in stem cell

biology. The adoption of Al in stem cell research is shaped by constraints and
opportunities across data generation, computational modeling and regulatory
frameworks. Data-related challenges include batch-to-batch variability, limited
access to well-annotated training datasets and biases that reduce model
generalizability. Computational barriers include high resource demands for
training on large image datasets, as well as limited interpretability and user trust,
because models often function as black boxes that are difficult to validate or
integrate into decision-making. External constraints include evolving regulations
and ethical concerns, particularly for stem cell-derived embryo models and
clinical Alapplications. Future directions focus on improved experimental and
computational integration. Large open-source imaging datasets will support

the development of both specialized models and general-purpose foundation
models. Foundation models are flexible, pretrained architectures capable of
tasks such as segmentation, classification and detection with minimal additional
training, and may generalize across systems to streamline phenotyping,
organoid classification and adaptive experimentation. Generative models enable
synthetic data generation and may forecast experimental outcomes, including
developmental trajectories, supporting in silico experimentation. Real-time
Al-integrated workflows can link image acquisition with on-the-fly analysis

and intervention, enabling closed-loop experimental design. Integration of
multimodal data, including imaging, transcriptomics, proteomics and metadata,
willimprove modeling of cell state and behavior by linking morphology with
molecular profiles. Patient-specific Almodels integrating genetic, imaging and
treatment data may enable optimized differentiation protocols, individualized
organoids and tailored therapies, advancing personalized medicine through
improved disease modeling and drug testing in stem cell-derived systems.

ability to recapitulate in vivo embryogenesis is inherently partial.
Differences in geometry, mechanical constraints, signaling environ-
ments and extraembryonic interactions can limit direct generaliza-
tion. These conceptual and technical gaps must be considered when
transferring Al-derived insights from organoids or embryo-like models
toinvivoembryos.

Insummary, Alisincreasingly enabling mechanisticinsights into
stem cell and developmental biology by bridging imaging data with
biological interpretation. Combined with high-resolution microscopy
such as confocal and light-sheet imaging, Al models can extract spa-
tial and topological features, including curvature, connectivity and
tissue geometry, that reveal how local microenvironments influence
cell fate, pattern formation and morphogenetic processes. By cor-
relating these features with molecular readouts, mechanical stress
and dynamic behaviors, Al helps explain not only what occurs during
development, but also how and why it unfolds. Al-driven analyses
further reveal how genetic, chemical or physical perturbations dis-
rupt normal self-organization. Together, these advances mark a shift
from descriptive to explanatory models of development, position-
ing Al as a central tool for uncovering principles of tissue patterning
and morphogenesis.

Challenges and practical insights

Despite the growingimpact of Alin stem cell research, several technical,
practical and ethical challenges continue to limitits broader adoption
and generalizability. A persistent obstacleis the scarcity of high-quality,
annotated datasets, particularly for specialized tasks such as classify-
ing intermediate cell states, segmenting organoid substructures or

predictingrare developmental outcomes (Fig. 4). Unlike general com-
puter vision datasets, stem cell imaging requires expert annotations,
which are time-consuming, subjective and often inconsistent across
laboratories. To alleviate this bottleneck, researchers commonly turn
to data augmentation techniques to artificially increase the training
dataset diversity, as well as transfer learning. Models pretrained on
large-scale datasets such as ImageNet can be fine-tuned on smaller
biological datasets, improving performance despite the differences
between natural images and microscopy data®.

Dataset complexity also presents trade-offs. Low-complexity data-
sets, suchas 2D staticimages of well-characterized cell lines, are easier
to process and share but may overlook biologically relevant heteroge-
neity. In contrast, high-complexity datasets, including 3D time-lapse
imaging of organoids or embryo-like structures, capture richer bio-
logical dynamics but require substantial computational resources
(Fig. 4), including multi-terabyte storage, high-throughput pipelines
andscalableinfrastructures such as GPU clusters or cloud-based envi-
ronments. Live imaging introduces additional optical constraints.
Researchers must balance temporal resolution against phototoxic-
ity and photobleaching, particularly in sensitive mammalian cells,
while accounting for limited optical transparency and increased light
scattering in thick 3D samples. Widely accessible modalities such as
confocal or multiphoton microscopy are, therefore, often restricted
intheir ability toimage large or optically complex structures, as their
coupledilluminationand detection pathslimit penetration depth and
multiview acquisition. These limitations can reduce signal quality and
accuracy, particularly during long-term imaging of heterogeneous
systems such as organoids.

Light-sheet fluorescence microscopy partially overcomes these
limitations by selectively illuminating thin planes of the sample,
reducing light exposure and enabling long-term volumetricimaging®..
However, light-sheet fluorescence microscopy setups are technically
demanding, require careful optical alignment and sample mounting,
and generate large datasets that must be accommodated by down-
stream analysis pipelines. Imaging requirements therefore vary sub-
stantially across model systems: early-stage stem cell-derived embryo
models can often be imaged effectively using standard confocal
approaches, whereas larger and more complex organoids frequently
require multiview or light-sheet imaging. The lack of standardized
imaging platforms across laboratories remains a major challenge for
reproducibility and large-scale Al deployment.

Data bias is another critical limitation (Fig. 4). Overrepresenta-
tion of specific experimental conditions, model systems or imaging
modalities in the training data can reduce model performance on
new datasets or across laboratories. Robust validation and bench-
marking practices, such as predefined data splits, cross-validation,
cross-instrument or batch testing, simple negative controls (for
example, channel swaps), calibration or normalization checks, and
standardized performance metrics, are essential for identifying and
mitigating such biases. Just as crucial is the need for interdiscipli-
nary collaboration: biologists can provide context for ambiguous
annotations, highlight biologically relevant features and define
meaningful endpoints, while computational scientists contribute
algorithmic expertise and technical robustness. This dialogue is key
to ensuring that Al models remain both scientifically insightful and
technically sound.

Beyond data bias, a broader limitation lies in the generalization
behavior of neural networks themselves. These models typically per-
formwell ondatadistributions similar to those seen during training and
may behave unpredictably when applied to out-of-distributioninputs®.
Furthermore, deep-learning models often lack explicit physical con-
straints and canstruggle with tasks that require geometric consistency®.

Increasing imaging resolution and temporal depth also creates
practical challenges. Large datasets require substantial storage and
computational resources (Fig. 4), while training advanced models

Nature Methods


http://www.nature.com/naturemethods

Perspective

https://doi.org/10.1038/s41592-026-03202-x

often demands GPUs or tensor processing units that may be inacces-
sible to smaller laboratories. Efficient data management strategies,
such as intelligent compression, distributed storage and automated
metadatatracking, are therefore essential. To support reproducibility
and cross-study comparability, the systematic reporting ofimaging and
sample metadatais increasingly important. A minimal microscopy-Al
reporting checklist should include microscope configuration, objec-
tive parameters, voxel size, imaging settings, environmental condi-
tions, sample passage number, acquisition software and version, file
formatand the underlying metadata schema. The use of electronic lab
notebooks and standardized, machine-readable metadata formatsis
therefore becoming a necessary requirement for reproducible and
scalable Al workflows®*.

Within this practical context, empirical studies in microscopy
suggest that the performance gains from increasing dataset size are
strongly task and model dependent. Classical convolutional architec-
turessuch as U-Net or ResNet often approach performance saturation
with dataset sizes of approximately 10>-10° annotated images, after
which additional data tend to yield diminishing returnsin raw accuracy
but can still improve robustness and cross-dataset generalization?.
In contrast, foundation models typically derive their advantage from
large-scale pretraining on 10°-10® images and are most beneficial in
settings involving heterogeneous imaging modalities, substantial
domain shifts or extremely sparse labeled data®*®. For well-defined
microscopy tasks, classical architectures therefore often provide suf-
ficient performance at lower computational cost.

Atthe sametime, these models can fail under domainshift due to
sensitivity toimaging conditions (for example, illumination, contrast,
magnification, voxel size) and optical artifacts such as scattering or
out-of-focus blur. In multi-laboratory datasets, models may also learn
instrument-specific signatures rather than biologically meaningful
morphology. Inpractice, lightweight adaptation strategies (for exam-
ple, linear probes or adapters®) are often sufficient when the target
dataclosely resemble the pretraining domain and the task aligns with
learned primitives such as generic object boundaries. Full fine-tuning
is typically required when domain shifts are substantial, new modali-
ties or resolution regimes are involved or the task demands novel
semantic distinctions.

Beyond these model-level considerations, usability represents a
major barrier toadoption. Many stem cell and developmental biology
laboratories lack dedicated computational expertise, and deploying
advanced Al models often requires substantial technical overhead.
Widerimpact therefore depends on accessible tools, including graphi-
caluser interfaces, reproducible pipelines and integration with widely
used bioimage platforms such as Fiji/lmage] and Napari. Tools such as
Deeplmage)® and ZeroCostDL4Mic® help lower these barriers by ena-
bling nonspecialists to apply deep-learning models with minimal setup
and thereby facilitate broader dissemination of Al-based workflows.

Interpretability is another major concern, especially in transla-
tional and clinical contexts. Most deep-learning models, especially
convolutional architectures, function as black boxes, which makes it
difficult to understand which features drive predictions or how errors
arise (Fig. 4). This opacity poses challenges when Al tools are used to
inform critical decisions, such as selecting organoids for drug testing
or identifying patient-specific treatment responses. In such settings,
explainable Al tools (for example, saliency maps®® or Grad-CAM®’;
Fig.3d) areincreasingly being used to trace back decisions and enhance
transparency. Importantly, these approaches explain model behavior,
meaning which input regions or featuresinfluence a prediction, rather
thandirectly revealing the underlying biological mechanisms driving
the observed phenotype. To mitigate potential overinterpretation,
complementary strategies such as counterfactual analyses®® or sys-
tematic input-ablation experiments” can be used to test the robust-
ness and causal relevance of highlighted features. In parallel, classical
machine-learning models, such as SVMs or logistic regression, may

alsoserveasinterpretable baselines when datasets are small or model
transparency is required®.

One ofthe mostimportant unmet challenges involves the discon-
nect between Al classification and real-time experimental control.
While current models can accurately predict outcomes or classify
developmental stages from recorded image data, they are typically
applied only retrospectively, after an experiment is complete. No
widely available technology allows real-time intervention based on
Al predictions, such as selecting a normally developing organoid for
further culture or targeting an abnormal structure for removal or
rescue. Bridging this gap will require not only low-latency inference
pipelines butalso the development of responsive technologies, such as
photoactivatable dyes, optogenetic tools, microfluidic environments
orrobotic micromanipulatorsthat caninteract withthesampleinreal
time based on model output.

Finally, as Al systems move closer to clinical application, ethi-
cal and regulatory considerations become increasingly relevant
(Fig.4). Questions surrounding data privacy, informed consent and
compliance with biomedical standards must be addressed, especially
in personalized medicine or patient-derived organoid research. In
this context, stem cell-derived systems are increasingly discussed as
part of new approach methodologies’ aimed at supporting the 3R
principle (replace, reduce, refine) in preclinical research. Standard-
ized image-based readouts supported by Al could contribute quan-
titative endpoints for applications such as developmental toxicity
assessment. However, any regulatory uptake by agencies such as
the US Food and Drug Administration and the European Medicines
Agency would require rigorous validation, standardized imaging and
analysis protocols, and transparent reporting of model performance
and uncertainty. Al-enabled human stem cell-derived embryos also
raise profound ethical questions. As algorithms improve and ena-
ble the in vitro development of these models beyond the 14-day
guideline imposed on natural human embryos, new debates may
emerge around human embryo identity, developmental potential
and moral status®. Addressing these issues will require parallel
progressinbioethical frameworks to ensure thoughtful governance
and public engagement.

Given these constraints, selecting an appropriate Al approach
remains nontrivialand depends on acombination ofimaging modality,
object geometry, annotation effort and throughput requirements. To
provide practical guidance, Table 1 summarizes common experimental
scenarios in stem cell imaging and maps them to suitable model fami-
liesand training strategies, highlighting trade-offs between accuracy,
datarequirements and computational cost.

Conclusions and future directions

Astheintersection of artificial intelligence and stem cell biology con-
tinues to mature, open-source biomedical imaging repositories are
becoming increasingly essential for democratizing Al development
(Fig.4).Initiatives that aggregate large-scale, annotated datasets across
stem cell-derived model types, differentiation protocols and experi-
mental conditions will provide critical training resources and promote
reproducibility across the community. These datasets will also enable
benchmarking, stimulate competition and help identify areas where
Altools remain underdeveloped or biased.

Alongside datasharinginitiatives, analytical frameworks are rap-
idly evolving. One promising direction is the emergence of foundation
models, which are highly flexible, pretrained architectures capable
of performing a wide range of tasks with minimal task-specific tuning
(Fig.4). Tools like Segment Anything, originally developed for natural
images, are now being adapted to biomedical datasets***, offering
generalization capacity across imaging techniques and biological
contexts. These models mark a shift away from narrowly specialized
pipelinestoward universal frameworks that can perform segmentation,
classification and object detection simultaneously. These models may
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Table 1| Decision framework for selecting Al models in stem cell imaging based on imaging modality, data complexity and

experimental constraints

Imaging context

Key challenge

Recommended models

Training strategy

Brightfield, 2D, sparse objects

Low contrast, weak
boundaries

CNNs (ResNet, DenseNet); U-Net

Supervised training with limited labels; strong
augmentation

High-quality 2D brightfield or low-channel
fluorescence, sparse objects

Minimal structural ambiguity

Foundation models

Zero-shot inference or light prompt-based
adaptation

Brightfield, overlapping objects

Object separation

Object detection (YOLO, Faster
R-CNN); instance segmentation
(Mask R-CNN)

Bounding-box annotation to reduce labeling
effort

Fluorescence, multichannel

Channel specificity, noise

U-Net, StarDist, multi-input CNNs

Channel-aware architectures; normalization

3D volumes

Compute and memory limits

3D U-Net; slice-wise 2D CNNs

Patch-based training; hybrid 2D/3D
approaches

Time-lapse imaging

Temporal resolution versus
phototoxicity

CNN +temporal aggregation;
CNN-RNN hybrids

Frame-wise training with temporal
aggregation

High geometry variability

Shape diversity

StarDist; transformer-based
segmentation

Geometry-aware representations

Low label budget

Limited annotations

Transfer learning; self-supervised
models (for example, DINO);
foundation models

Fine-tuning pretrained representations

High throughput/real-time

Latency constraints

Lightweight CNNs; YOLO-family
detectors

Model compression; inference-optimized
architectures

Cross-lab generalization

Domain shift, reproducibility

CNNs with strong augmentation;
foundation models

External benchmarking; domain-aware
validation

accelerate phenotypic screening, streamline organoid classification
and support adaptive experimentation during live imaging.

Simultaneously, generative Al has demonstrated remarkable
capabilities in language, code and increasingly, in scientific applica-
tions. In stem cell research, it is beginning to be used for tasks such
as generating synthetic training data®. Beyond data augmentation,
large language models and agentic Al systems hold the potential to
actively assist experimental workflows by autonomously generating
analysis pipelines, selecting model architectures, tuning hyperparam-
eters or integrating prior biological knowledge from the literature.
Looking ahead, generative models may forecast experimental out-
comes (Fig. 4), predicting developmental trajectories or system-level
responses under different perturbations. These tools may eventually
allow researchers to replace certain experimental steps with in silico
simulations, reducingtime, cost and resource consumption. Combined
with explainable Al, such models could identify early predictors of
morphogenesis, guide targeted data acquisition and enable more
efficient experimental design. Integration of agentic large language
models with image-based Al systems may further enable closed-loop
scientific assistants that connectimaging data, experimental metadata
and literature knowledge to support automated hypothesis generation
and experimental planning®®””.

Alongside advances in generative and foundation models,
increasing attention is being given to integrating physical principles
into Al frameworks. Physics-based models, long used to study tissue
mechanics, are now combined with deep learning to create hybrid
approaches that are both data driven and grounded in biophysical
laws®®*°. In particular, physics-informed neural networks offer acom-
pelling strategy for inferring mechanical properties such as stress
and tension directly from live imaging of stem cell-derived systems.
By embedding force-balance equations into the training process,
these models enable noninvasive, high-throughput mapping of bio-
mechanical states during development. This map helps link mechani-
cal cues to differentiation outcomes, optimizing culture conditions,
and even steering morphogenetic processes in real time through
feedback-informed experimentation.

Another emerging directionis theintegration of Al-based analysis
with automated experimental control (Fig. 4). Real-time classification

systems could identify specific morphologies or developmental states
as they arise, allowing dynamic intervention through robotic micro-
manipulators, microfluidic platforms or optogenetic tools. Such
closed-loop systems would offer a powerful framework for dissecting
the mechanisms underlying stem cell self-organization, including
symmetry breaking, axis formation and tissue patterning. At the same
time, they could be harnessed toimprove culture outcomes by enrich-
ing for correctly assembled models and eliminating aberrant ones,
thereby enhancing both the scientific insights and the experimental
efficiency of stem cell-derived systems. In particular, the integration
of such tools may lower the expertise required to operate advanced
analysis pipelines, broadening accessibility and accelerating adoption
in experimental laboratories.

Furthermore, Al has the potential to optimize experimental pro-
tocols themselves. By systematically analyzing large datasets span-
ning culture conditions, molecular perturbations and phenotypic
outcomes, Almodels can help identify optimal combinations of media,
growth factors and physical environments to guide differentiation
toward specific fates. Such data-driven protocol refinement could
reduce variability, improve efficiency and lower the barrier to repro-
ducing complex tissue models across laboratories.

A particularly promising frontier lies in the integration of mul-
timodal data (Fig. 4). Combining live imaging with transcriptomics,
proteomics or spatial data will allow Almodels to go beyond morphol-
ogy andinfer causal links between structure, gene expressionand cell
fate'®. For instance, models trained on paired image and single-cell
RNA-sequencing data may eventually predict molecular signatures
directly from morphology, offering noninvasive proxies for lineage
specification or disease state. Thiswould greatly enhance theinterpret-
ability and utility of stem cell-derived systems for mechanistic studies
and therapeutic screening.

Another exciting application of Al in stem cell biology is its
potential to advance personalized medicine (Fig. 4). By learning from
patient-specific datasets, including genetic profiles, imaging data
and treatment responses, Al can help tailor stem cell differentiation
protocols toindividual needs. For example, models trained on diverse
patient-derived iPS cell lines could predict optimal conditions for gen-
erating personalized organoids or cell therapies. Such individualized
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modeling could improve the fidelity of disease models and enable
more precise drug testing, bringing stem cell technologies closer to
clinical translation.

Looking further ahead, the convergence of foundation models,

agentic Al, robotics and real-time imaging suggests a future in which
Alsystems functionnot only as analytical tools but also as autonomous
experimental partners. As models grow more generalizable and tools
become more accessible, Al is poised to move from a downstream
analytic tool to a central component of experimental design, capable
of steering experimentsin real time, identifying new biological princi-
ples, and ultimately enhancing our capacity to model and manipulate
human development and disease.
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