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Abstract
Stem cells are critical tools in regenerative medicine, large-
scale cell production, drug discovery, and cell-based therapies, 
making their precise identification and sorting essential for 
advancing both research and clinical applications. Accurate 
stem cell sorting enables improved therapeutic outcomes, 
efficient production pipelines, and more reliable biological 
studies. Traditional sorting methods, while effective, face 
challenges related to speed, scalability, cost, and human error. 
Recent advances in machine learning (ML) techniques based 
on image and video processing have revolutionized stem cell 
sorting by enabling rapid, automated, and highly accurate 
classification. In addition to visual data approaches, non-visual 
processing methods using ML have also emerged as powerful 
tools for stem cell analysis and separation. In this review, various 
ML-driven strategies for stem cell sorting, with a particular 
focus on visual and non-visual data processing methodologies 
and their applications in different stem cell types, have been 
comprehensively explored and categorized based on the input 
data types, ML techniques, stem cell types, study objectives, 
and performance metrics. Furthermore, an overview of the 
historical development of stem cell sorting technologies and ML 
applications was introduced, and emerging automated systems, 
software solutions, start-ups, and future directions for this type 
of stem cell sorters were discussed.
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What’s Known

•	 Stem cells are critical tools in 
regenerative medicine, large-scale cell 
production, drug discovery, and cell-based 
therapies.
•	 Accurate stem cell sorting enables 
improved therapeutic outcomes, efficient 
production pipelines, and more reliable 
biological studies.
•	 Recent advances in machine learning 
techniques based on image and video 
processing, have revolutionized stem cell 
sorting by enabling rapid, automated, and 
highly accurate classification.

What’s New

•	 In this review, various machine 
learning-driven strategies for stem cell 
sorting, with a particular focus on visual and 
non-visual data processing methodologies 
and their applications in different stem cell 
types have been comprehensively explored.
•	 Furthermore, an overview of the 
historical development of stem cell sorting 
technologies and machine learning 
applications was introduced, and emerging 
automated systems, software solutions, 
start-ups, and future directions for this 
type of stem cell sorters were discussed.
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Introduction

The ability to identify, purify, or enrich cell populations plays a 
central role in life sciences and medicine. This is because the 
overall success of the cell- or cell product-based therapies is 
highly dependent on the qualitative or quantitative characterization 
of the cells.1 Cell enrichment is usually achieved by eliminating 
unwanted cells or isolating the target cells from a heterogeneous 
population.2 Drug screening, the automation of cell sorting, and 
high-scale production are the main applications of stem cell 
image processing.3 

Today, the use of artificial intelligence (AI) and one of its subsets, 
ML, has become popular in all aspects of human life. AI is the 
development of computer systems capable of thinking, deciding, 
and acting in a logical way and similar to the decision-making 
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process of human brains. A rapidly growing 
medical AI application has been sparked by 
the recent advancements in AI software and 
hardware, including the development of deep 
learning (DL) algorithms and graphics processing 
units (GPUs).4 Clinical diagnostics based on AI 
computer vision and isolated cell sorting devices 
manufactured by Sony Inc. are two important 
examples of such AI-based machines.5, 6  
Since stem cells are important undifferentiated 
cells and their enrichment or classification during 
the process of differentiation, trans-differentiation, 
or reprogramming in a heterogeneous context is 
crucial, AI- and ML-based algorithms can help to 
accelerate this process in a precise manner. Stem 
cell therapy is central to regenerative medicine. 
Traditional reactive medicine is shifting toward 
the novel regenerative approaches that replace 
damaged cells with new ones that perform the 
same function more effectively.7 This review 
discusses stem cells, AI, and their convergence 
from both scientific and historical perspectives. 
Moreover, stem cell sorting methods are 
categorized and elaborated by examples and 
applications. Ultimately, different software and 
start-ups in this area are introduced.

Stem Cell Types
Stem cells are characterized as 

undifferentiated cells capable of repairing and 
regenerating damaged tissues through their 
ability to differentiate into specific cell types. 
They are categorized based on their origin 
into five subcategories: Embryonic stem cells 
(ESCs), Adult stem cells (ASCs), Fetal stem 
cells (FSCs), Mesenchymal stem cells (MSCs), 
and induced pluripotent stem cells (iPSCs). 
ESCs are derived from the blastocyst inner 
mass. ASCs are tissue-specific stem cells 
and are present in most tissues. They are 
responsible for replacing dead cells. FSCs are 
obtained from the fetus or fetal tissues, such 
as umbilical cord blood. MSCs can be obtained 
from different tissues, especially bone marrow, 
adipose tissue, and skin. They mostly generate 
the connective tissue. iPSCs are stem cells 
created using Yamanaka factors to reprogram 
the differentiated cells into undifferentiated stem 
cells.8 Cancer stem cells are a type of cancer 
cells inside the tumor that are characterized by 
normal stem cell potencies. They are usually 
resistant to chemotherapy drugs, which makes 
them an important target in cancer treatments.9

Stem Cell Potency
Stem cells are classified into five categories—

totipotent, pluripotent, multipotent, oligopotent, 
and unipotent—according to their differentiation 

potential, which describes the range and diversity 
of cell types they are capable of producing. 
Totipotent stem cells can differentiate into all 
cell types of the body, including extra-embryonic 
tissues such as the placenta. Pluripotent stem 
cells can give rise to cells derived from all 
three germ layers: ectoderm, mesoderm, and 
endoderm. Multipotent stem cells are restricted 
to producing multiple cell types within a particular 
lineage or tissue. Oligopotent stem cells can 
generate only a few closely related cell types. 
Unipotent stem cells are limited to differentiating 
into a single cell type, while retaining self-
renewal capacity. Understanding this hierarchy 
is fundamental to advancing stem cell research 
and therapeutic applications.8

Waddington’s Landscape
Regarding the cells’ potency and their energy 

levels, a diagram called Waddington’s landscape 
has been defined. Based on this landscape, the 
most potent stem cells (totipotent) have the highest 
energy level. During embryogenesis, other 
stem cells with different potencies (pluripotent, 
multipotent, and oligopotent) and different energy 
levels (less than the totipotent cells) are generated. 
In the reprogramming process, in a redirection 
way, cells will go through fewer energy levels 
to the higher energy levels (low to high entropy) 
thanks to the Yamanaka factors’ discovery. At 
the lowest part of this landscape, unipotent stem 
cells with the lowest energy level among other 
stem cells exist. Thus, the more potent stem 
cells are, the higher entropy or energy levels they 
have (figure 1-A).10 This understanding is crucial 
for identifying key factors that influence stem cell 
fate, enabling researchers to better control their 
differentiation and behavior.11 

The high diversity of stem cells and their 
differentiation outcomes creates a need 
for precise, fast, and high-throughput data 
monitoring and analysis.  Manual calculations 
cannot meet this demand, but ML and DL 
algorithms help address it.12

Figure 1: General overview over the stem cells and AI: A) 
Waddington’s landscape shows that more differentiated cells 
have a lower energy status than stem cells (Reproduced with 
permission from Huanhuan Chen). B) AI-based systems are 
categorized into different parts, which were first discovered 
in the 1950s. Td: Trans differentiation
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Artificial Intelligence 
AI, as a fast-propagating definition, is defined 

as any system that acts smartly, similar to human 
brain intelligence. John McCarthy defined AI 
as “the science and engineering of making 
intelligent machines”.13 AI development is highly 
owed to the availability of powerful GPUs and 
infinite data storage spaces such as clouds.14  

Machine Learning
ML, as a subset of AI, is the process of 

learning from raw data and generating clustered 
classifiers or regression output algorithms. 
Basically, ML learns from data to perform a 
specific task, instead of following some pre-
programmed rules and codes. ML and DL both 
have some internal adjustable parameters 
to reduce the error of classifiers, which are 
called weights. Increasing and decreasing 
these weights through the output scores will 
result in more accurate data prediction and 
categorization. ML algorithms work based on 
three different learning procedures, which are 
supervised, unsupervised, and semi-supervised 
learning.14 

Supervised ML
In a supervised ML, input data are tagged 

with the desired label. It means that the model 
training procedure is done by a certain training 
set of data.14 

Unsupervised ML 
In unsupervised ML, input data are not 

tagged with a suitable label, and ML algorithms 
try to classify different inputs into different output 
clusters based on their similarities. Unsupervised 
ML helps identify hidden patterns embedded in 
the input data, which are not easily recognized 
by human intuition.14 

Semi-supervised ML 
In semi-supervised ML, a small amount of 

labeled and a large amount of unlabeled input 
data are used to train the model and leverage 
the desired output.15 

Among different ML methods, supervised 
learning has the highest predictive accuracy 
due to its training on labeled datasets, and it 
is well-suited for classification and regression 
tasks with clearly defined labels. On the other 
hand, this high accuracy requires large, high-
quality labeled data, which is costly and time-
consuming to generate. In supervised ML, 
there will be the risk of overfitting due to the 
model training on limited and non-generalized 
labeled data. In this case, performance will 
decrease based on the biased input data. 

In another view, unsupervised ML is highly 
suitable for discovering hidden structures, 
clusters, or relationships in large datasets, 
and experiencing broader exploratory analysis 
and reducing dataset bias effects compared 
to supervised learning. Output evaluation 
is basically harder in unsupervised than 
supervised learning, so choosing the suitable 
method in unsupervised ML is more crucial 
than others.16 In semi-supervised learning, 
improving performance while reducing labeling 
efforts is observed compared to other ML 
methods. Their output is also more generalized 
rather than purely supervised learning. Similar 
to the two other methods, semi-supervised 
learning depends on both labeled and non-
labeled data and usually requires more careful 
design of algorithms.14 

Deep Learning 
DL is a subset of ML. DL is actually a kind 

of ML algorithm that works with big data and 
breaks the input into different layers of features 
and then learn from them in a purpose-oriented 
manner. These layers of features are usually 
not designed by human code. This hierarchy-
layered learning procedure is the key point in 
DL algorithms. Artificial Neural Network (ANN) 
is one of the DL algorithms that is inspired by 
the human brain and how its neurons work in 
a multilayered and interconnected network. 
While DL is suitable for a set of large data, ML 
is more professional in solving problems with a 
smaller amount of input data. Hence, ML needs 
less time to be trained than the DL algorithms.14 
Figure 1-B summarizes different categories of AI 
systems. 

Furthermore, AI and ML-based algorithms 
can be used for different biological and cell-
based approaches such as cell classification, 
cell culture qualification, cell function monitoring, 
disease modeling, drug screening, and genetic 
analysis,17 predictive modelling, personalized 
medicine, tissue engineering, clinical trial design, 
patient monitoring,18 synthetic biology,19 genome 
sequencing, predicting protein structure, drug 
discovery,20 advanced hypothesis generation 
in life sciences, crop improvement, advanced 
environmental sensors, personalized training 
planning,21 electronic noses, biomarker 
prediction,22 point-of-care biosensors,23 gene 
editing, and precision medicine.24  

Phase-contrast and fluorescent microscopes 
are the main image-based methods for 
AI-based cell sorting. Using AI algorithms can 
help reduce human intervention and thus related 
errors, providing more accurate, controlled, and 
quantitative results than human eyes.25 
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The current sorting procedures for cell detection 
are mainly based on antibody-antigen binding, 
where fluorescent markers are physically added 
to the cells which pass through the fluorescence-
activated cell sorting (FACS) device to help 
identify specific cell populations.26 Additionally, 
the microfluidics, micropipette aspiration, osmotic 
selection, laser capture dissection, optical traps, 
and antibiotic selection techniques are used as 
other separation methods.27-34

Meanwhile, biochemical approaches in stem 
cell sorting, such as molecular staining, have 
two opposing sides. These methods provide a 
clear outlook of the molecular characteristics 
and are capable of isolating the target cells 
with an acceptable accuracy. Since they are 
not cost- or time-efficient, their use is limited to 
markers with fluorescence tags,35 and they may 
cause unwanted side effects, such as chemical 
toxicity.36-38

In such stem cell sorting techniques, cellular 
biomechanical or structural characteristics such 
as elastic or equilibrium modulus, apparent 
viscosity, and cell size help distinguish or 
differentiate between cell types or even adult 
stem cells.39 Differentiating cells using such 
features, however, could be challenging due 
to the large number of parameters that must 
be measured. In this respect, AI and ML 
approaches, such as ANN, provide a potential 
means for classifying, filtering, and sorting large 
collections of properties by exploiting their ability 
to discern patterns in complex data.40, 41

The main advantage of utilizing neural 
networks in this regard is their ability to easily 
analyze large, high-dimensional datasets for 
distinct groupings of similar cases. There is no 

limitation on the number of inputs, eliminating 
the need to determine a priori or predefine a 
parameter list for the analysis. Moreover, the 
relative weight of each feature is determined 
in the neural network, providing an alternative 
approach to identifying the most influential 
features for a given population. Recent studies 
on unsupervised ML neural network models, 
such as Kohonen’s self-organizing feature 
maps, have shed light on this process and how 
neighboring groups or nodes are related to each 
other.41-43 

In the current paper, different ML-based 
methods for stem cell sorting are reviewed. 
Based on the input data, two main groups were 
considered: visual and non-visual datasets. 
The visual datasets contain image- or video-
based data and flow cytometry results. The 
non-visual data, on the other hand, include 
microarray, expression patterns, and electrical 
and biomechanical data (figure 2-A). Table 1 
also lists various ML-based algorithms, types 
of input datasets, stem cell types, performance, 
and dataset sizes. Additionally, the historical 
evolution of stem cell and AI/ML technologies 
has been discussed in this article. Different 
automated devices, software, start-ups, and 
the future probabilities of AI-based stem cell 
sorters have also been investigated. Figure 2-B  
represents a general view of the ML-based 
methods for stem cell sorting. 

The Timelines and Convergence of Stem Cell 
and AI Discovery

The integration of AI and ML into stem cell 
research and sorting has evolved dramatically 
over the past few decades (figure 3).  

Figure 2: Categorization of different stem cell sorting methods: A) Different ML-based input datasets for stem cell sorting are 
divided into visual and non-visual datasets. B) The main concept of ML-based data processing for stem cell discrimination 
shows that visual and non-visual datasets are mostly used in this regard. ML: Machine learning
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 Table 1: ML approaches in stem cell sorting applications
Reference Input data Stem cell type Methods Dataset 

size
Purpose Performance

Fan, 201766 Time-lapse-based 
bright-field imaging

iPSC DCNN, AlexNet, 
and HMM

2×106 

standard 
patches

Determining 
the 
morphological 
changes during 
iPSC colony 
formation

Pearson 
coefficient=0.877

Mota, 
202167

Phase-contrast 
micrographing

MSC Conventional 
U-Net, LSVM, 
RSVM, LDA, 
KNN, and LR

107 
images, 
658 cells

Classifying the 
low and mid-
dense MSCs

Sensitivity=88%
Precision=86%
AUC=0.816/0.787 
(early and mid-
logarithmic 
expansion, 
respectively)
Sorensen-Dice coef-
ficient=0.849±0.106

Waisman, 
201968

Transmitted light 
microscopy

PSC CNN, DenseNet, 
ResNet50

1000 
images per 
group

Detecting 
PSCs 
from early 
differentiated 
cells

Accuracy>0.9

Zhu, 202170 Bright field and 
dark field single cell 
imaging

NSC CNN, multi-layer 
perceptron, 
ResNet, 
VGGNet, and 
InceptionV3

59287 
datasets

Identifying 
the NSC 
differentiation 
to neurons

Accuracy=0.923 
(BF)/0.998 (FluMM)
AUC (average)=0.95

Joutsijoki, 
201671

Inverted microscope 
imaging

iPSC LS-SVM and 
KNN classifiers

173 
images

Controlling 
the quality of 
iPSCs

Accuracy=62.4%

Kusumoto, 
201872

Phase-contrast 
images

Endothelial cells 
derived from 
iPSCs

LeNet & AlexNet 800 
images

Identification of 
differentiated 
cells by 
morphology

Accuracy>0.95

Orita, 
202073

Bright-field 
microscopic time-
lapse video images

hiPSC-CMs UMAP, SVM 556 videos Discrimination 
of functionally 
normal and 
abnormal

Accuracy=0.89±0.02

Guo, 
202174

HCS image series 
(bright-field, DAPI, 
GFP, and
RFP)

iPCS-derived 
ITS embryos

PhenoLOGIC™ 
software 
package

NA Investigation 
of stem 
cell-based 
embryogenesis

Accuracy=0.92

Sardiu, 
202175

Flow cytometry 
dataset

hHSC TDA, X-shift 
clustering, 
t-SNE

A publicly 
available 
data set 
(Nilsson 
rare data)

Identification 
of rare cell 
populations

NA

Guan, 
202179

Video obtained 
from phase contrast 
microscopy

ESC RandNet and 
autoencoded 
feature extractor

3559 
images

Assorting the 
ESC into six 
different groups

Accuracy=97.23% 
±0.94

Shibata, 
202081

Lectin microarray PSC PCA, LC, and 
NN

1577 cells Classification 
of PSC from 
four other cell 
lines

Accuracy=89%/97% 
(NN)

Stumpf, 
201982

Expression patterns PSC PCA, GMM 46 
measured 
features 
from two 
separate 
stem cell 
lines

Identification 
of pluripotency 
patterns

NA

Cunha, 
201983

EIS NPC LSTM –ARNN NA Differentiation 
between 
proliferation 
and 
differentiation 
states

Accuracy=91% 
(4603c27)/76% 
(IMR90c01)/91% 
(IMR90-4)
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Heylman, 
201584

Electrophysiological 
data

hiPSC-derived
Cardiomyocytes

MATLAB 
TreeBagger 
function

457 
waveforms

Assessment, 
classification, 
and 
prediction of 
depolarization 
of the hiPSC 
membrane

Accuracy>70% 
AUC=1 for 
classification, 
AUC=0.92 for control, 
0.95 for propranolol, 
and 0.95 for 
isoproterenol

Darling, 
200841

Biomechanical 
properties obtained 
from AFM

ASCs and
MSCs

NN 49 
Superficial 
cells, 6 
factors

Isolating ASCs 
and MSCs 
from primary 
mesenchymal-
derived cells

Mean purity=60%

Efficiency=75%

Enrichment=150%
Juhola, 
202185

Calcium transients’ 
data

human 
iPSC-derived 
cardiomyocytes

Random forests 1173 
signals 
originating 
from seven 
classes

Classification 
of different 
genetic cardiac 
diseases

Accuracy=73.7%

Ugawa, 
202186

Images of diffractive 
and scattering 
imaging

hiPSC SVM NA Development of 
a stain-free
A flow 
cytometry 
method called 
silico-labeled
ghost 
cytometry 

AUC=0.998±0.002 
and 0.877±0.007
For discrimination of 
live cells from dead 
and apoptotic cells, 
respectively

iPSC: Induced pluripotent stem cell; MSC: Mesenchymal stem cell; PSC: Pluripotent stem cell; NSC: Neural stem cell; ESC: 
Embryonic stem cell; ASC: Adipose-derived stem cells; DCNN: Deep convolution neural network; HMM: Hidden Markov model; 
LSVM: Linear kernel support vector machine; RSVM: Radial-basis kernel support vector machine; LDA: Linear discriminant 
analysis; KNN: K-nearest neighbor; LR: Logistic regression; LS-SVM: Least-squares support vector machine; CNN: 
Convolution neural network; TDA: Topological data analysis; UMAP: Uniform manifold approximation and projection; SVM: 
Support vector machine; PCA: Principal component analysis; GMM: Gaussian mixture model; LSTM-ARNN: Long short-term 
memory artificial recurrent neural networks; AUC: Area under the curve; NA: Not available; AFM: Atomic force microscopy; 
ARNN: Autoregressive neural network; NPC: Neural progenitor cell; EIS: Electrochemical impedance spectroscopy; ITS: 
iPSCs and trophectoderm stem cells

Figure 3: Stem cell and AI/ML evolution started in the 1950s and continued till now; FACS: Fluorescence-activated cell sorting; 
HSC: Hematopoietic stem cell; ESC: Embryonic stem cell; hESCs: Human embryonic stem cells; iPSCs: Induced pluripotent 
stem cells; MACS: Magnetic-activated cell sorting; CNN: Convolutional neural network; AI: Artificial intelligence; ML: Machine 
learning; GANs: Generative adversarial networks
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Starting from basic computational tools, the 
field has progressed to sophisticated AI-driven 
systems that enable high-throughput, precise 
sorting of stem cells based on a wide range of 
characteristics. These advancements have not 
only improved our understanding of stem cells but 
also enhanced their application in regenerative 
medicine, making AI and ML indispensable tools 
in the field.44

1. Early Foundations of AI, ML, and Stem Cell 
Research (1950s-1980s)
1950s

Stem Cell Research: The foundational 
concept of stem cells emerges, focusing initially 
on understanding their role in hematopoiesis, or 
blood cell formation.45

AI Foundations: Alan Turing introduced the 
idea of AI, and John McCarthy coined the term 
“AI” in 1956. Early research explores AI’s potential, 
primarily revolving around logic and reasoning.46

1960s-1970s
Stem Cell Sorting: Early stem cell sorting 

techniques rely on physical characteristics such 
as size and density, utilizing methods such as 
gradient centrifugation.47

ML Development: While rudimentary ML 
models, such as the Perceptron, are developed, 
there is little connection to stem cell sorting at 
this stage.47

1980s
Stem Cell Breakthroughs: The discovery 

of hematopoietic stem cells (HSCs) significantly 
advances the field. Techniques such as FACS 
enhance cell sorting precision.48

AI and Image Analysis: Emerging AI-driven 
tools begin to be applied in image analysis, 
laying the groundwork for future integration into 
cell sorting.49

2. Growth of Computational Biology and 
Advances in Stem Cell Sorting (1990s)
1990s

Stem Cell Research: The discovery of ESCs 
in both mice and humans catapults stem cell 
research into the spotlight, with improvements in 
isolation and cultivation techniques.50

Cell Sorting: Flow cytometry evolves, 
enabling more precise sorting based on surface 
markers.51

AI and ML Integration: As bioinformatics 
gains traction, ML starts being explored for 
biological data analysis, though its application to 
stem cell sorting remains limited.52

3. Application of ML in Stem Cell Sorting (2000s)
Early 2000s

Stem Cell Milestones: The first derivation of 

hESCs opens up new possibilities in regenerative 
medicine, with more targeted sorting based on 
specific cell markers.53

AI and ML Adoption: ML begins enhancing 
gating strategies in flow cytometry, improving 
the ability to identify and sort stem cells.54

2005
Stem Cell Sorting: The introduction of 

automated microscopy and high-content 
screening enables better sorting based on 
cellular morphology and behavior.55

AI in Sorting: ML helps automate stem cell 
identification in complex mixtures, improving 
accuracy and efficiency.55

Late 2000s
iPSCs: Shinya Yamanaka’s discovery of 

iPSCs leads to advancements in personalized 
medicine, with new challenges in ensuring iPSC 
purity during sorting.56

ML Integration: ML is increasingly employed 
to optimize protocols for sorting iPSCs.17

4. AI-driven Stem Cell Sorting Technologies 
(2010s)
Early 2010s

Stem Cell Sorting Evolution: Sorting 
techniques evolve to focus on functional 
properties such as differentiation potential. Flow 
cytometry and magnetic-activated cell sorting 
(MACS) are widely used.57

AI in Sorting: The advent of DL vastly 
improves image recognition, which is used for 
analyzing stem cell images and refining sorting 
processes.58

2014
AI and Stem Cells: Convolutional neural 

networks (CNNs) are used to classify cellular 
images, offering more accurate identification 
and sorting in high-throughput environments.59

Mid-2010s
Stem Cell Sorting Innovations: AI is 

combined with microfluidic technologies to 
develop advanced platforms capable of sorting 
based on molecular, morphological, and 
functional characteristics.60

AI and ML Advances: Predictive models 
help foresee stem cell differentiation, guiding 
the sorting process to isolate cells with high 
therapeutic value.58

Late 2010s
Single-Cell Analysis: Single-cell RNA 

sequencing, powered by AI, allows for 
unprecedented resolution in sorting stem cells 
and understanding their heterogeneity.61

AI-Enhanced Sorting: AI-driven systems 
improve sorting accuracy by analyzing multi-
dimensional data such as gene expression and 
protein levels.62
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5. Modern AI, ML, and Stem Cell Sorting (2020s)
2020

AI in Stem Cell Research: AI and ML models 
predict stem cell behavior and fate, enhancing 
sorting efficiency and outcomes in regenerative 
medicine and personalized therapies.60

Advanced Sorting Techniques: 
AI-enhanced flow cytometry and lab-on-a-chip 
systems are introduced, enabling precise and 
automated stem cell sorting based on numerous 
biomarkers.60

2021
ML Applications: Advanced ML models, 

including unsupervised learning and GANs, are 
used to identify rare stem cell populations and 
predict differentiation outcomes.63

AI-Optimized Protocols: AI is applied to 
optimize sorting protocols, improving stem cell 
purity and yield, especially in clinical settings.63

2022
Lab-on-a-Chip Innovations: AI-powered 

lab-on-a-chip devices that merge microfluidics 
and ML provide fully automated, high-throughput 
stem cell sorting for tissue engineering and 
regenerative medicine.64

2023
Multi-Omics Integration: AI is employed to 

integrate multi-omics data in sorting, allowing 
for comprehensive analysis of stem cells based 
on genomic, transcriptomic, proteomic, and 
epigenetic profiles.65

Visual Data
Image-Based Methods: An AI method to 

differentiate the iPSCs formed during colony 
formation was developed by Fan and colleagues. 
CNN was used for image processing, whereas 
the system training was performed by the Hidden 
Markov Model (HMM). Such AI algorithms help 
both pharmaceuticals and research institutes 
to better choose the differentiated iPSCs. They 
converted the bright field images into binary 
images and then characterized the boundaries, 
location, and intensity of the spots in each 
image using a re-binary method. The OCT4-
GFP expression in the iPSCs generated green 
fluorescent images, which were used for positive 
feedback training. The combination of CNN and 
HMM can perform a quantitative iPSC image 
analysis and differentiate between the four stages 
of iPSC expansion.66 Traditionally, highly trained 
individuals were needed to differentiate the iPSC 
colonies, a task that may lead to misjudgment 
and batch-to-batch variation. ML approaches, on 
the other hand, can create big data to positively 
and negatively treat the system, helping to 
differentiate the shape, location, and polarity 
of cells. This can not only help reduce human 

errors drastically but also save lots of time. 
MSCs are one of the most commonly used 

stem cells in tissue engineering and regenerative 
medicine. This points out the importance of 
image processing from microscopic pictures 
for cell analysis. Recently, Mota and colleagues 
introduced an AI-based algorithm for MSC 
detection through phase-contrast micrographs. 
Their algorithm consisted of three steps: finding 
cell clusters, determining specific cell features, 
and finally differentiating specific cells in the cell 
cluster region. This AI-based image processing 
helps reduce the time and cost of the frustrating 
traditional stem cell sorting. Different ML 
methods, such as Linear kernel support vector 
machine (LSVM), Radial-basis kernel support 
vector machine (RSVM), Linear discriminant 
analysis (LDA), K-nearest neighbor (KNN), 
Logistic regression (LR) models, and their 
combinations were trained to classify MSCs. 
The best result belonged to the combination of 
RSVM+LR and LDA+KNN based on the AUC 
results.67 

Waisman and colleagues introduced a 
CNN-based algorithm for PSC differentiation. 
ESCs and iPSCs are two main PSCs that 
originated from the blastocyst’s inner cell 
mass and engineered adult differentiated cells, 
respectively. These fast, easy, and intelligent 
methods will replace the traditional, expensive, 
hard, and time-consuming biomolecular cell 
analysis. Based on hundreds of transmitted 
light microscopy images, the CNN was capable 
of distinguishing between the PSCs and early-
stage differentiated cells. For system training, 
the DenseNet and ResNet50 algorithms were 
used. Based on this method, each image was 
considered as a multilayer moiety, considered in 
a layer-by-layer manner. Each layer was linked 
to the size and depth of the image to increase 
the image contrast in all layers. During the 
early-stage differentiation process of PSCs, 
the expression pattern of the cells changes, 
leading to the morphological transformation 
in the differentiated cells. CNN was used to 
learn the changes and predict the formation 
of the new differentiated colonies. It was also 
possible to train the algorithms to predict the 
cell differentiation status in different culture 
conditions, as well as their types.68

Neural stem cells (NSCs) are tripotent 
stem cells that can differentiate into neurons, 
oligodendrocytes, and astrocytes. These 
cells can be used for the treatment of central 
nervous system (CNS) diseases. As a result, 
fate identification of NSCs is essential since 
each differentiated cell has its own clinical 
application.69 In a study by Zhu and colleagues, a 
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CNN algorithm was used to distinguish between 
the differentiated NSCs. Both bright and dark 
field single images were used to train and test 
the algorithm. Immunofluorescent imaging was 
used to monitor biomarkers during the cell 
differentiation process. The obtained accuracy 
was 0.923 and 0.998 for the bright field and 
fluorescent images, respectively. The CNN 
was designed based on an Xception algorithm 
to successfully identify the differentiated NSCs 
in both single and mixed culture media. The 
designed algorithm was trained by a multi-layer 
perceptron, ResNet, VGGNet, and InceptionV3. 
The final algorithm could identify the small 
morphological changes in almost one hour.70  

Quality control (QC) of large-scale iPSCs 
production is crucial due to its applications in 
tissue engineering, disease modelling, and 
drug screening. Most QC tasks are performed 
manually; they are, therefore, laborious and 
tedious. Joutsijoki and colleagues introduced a 
classification AI method based on three classes: 
good, semi-good, and bad. Least-squares 
support vector machine (LS-SVM) and κ-nearest 
neighbor (κ-NN) classifiers were the main 
algorithms utilized in this study. One-versus-all 
(OVA), one-versus-one (OVO), directed acyclic 
graph support vector machines (DAGSVMs), 
and binary tree support vector machines were 
also incorporated in the algorithms as LS-SVM 
extensions. Ultimately, the κ-NN classifier with 
0.62 accuracy values was concluded as the best 
iPSCs categorizer.71 

The variations observed in stem cell 
differentiation highlight the necessity for 
an automated AI-assisted system for cell 
identification. While a human expert is involved 
in feature extraction in conventional ML, DL has 
the advantage of automated pattern extraction 
using multiple-layered deep neural networks. 
Hence, Kusumoto and others applied DL in 
CNN for the identification of iPSC-derived 
endothelial cells. The technique solely benefited 
from the morphological information of cells 
based on phase-contrast images, with no need 
for any molecular technique (immunostaining 
or lineage tracing).72 They used two forms of 
differentiated iPSCs images: phase-contrast 
and binarized immunofluorescence-stained for 
CD31 (endothelial cell marker). The target blocks 
extracted from the phase-contrast images were 
classified as unstained or stained. Using LeNet 
and AlexNet networks, the target blocks extracted 
from the binarized immunofluorescence-
stained images were predicted to be unstained 
or stained. Their investigation revealed the 
accuracy of the method to be in correlation with 
the depth of the network and the size of pixels in 

the analyzed images.72

Substitution of animal models with hiPSCs-
derived cardiomyocytes (hiPSC-CMs) is an 
ongoing process to help overcome the issues 
in predicting cardiotoxicity of drug candidates 
due to the differences in cardiomyocytes of 
various species. This is because variations in 
the morphology and physiology of hiPSC-CMs, 
which depend on the experimental conditions 
or the product lots, hinder their usage.73 
Hence, Orita and colleagues used bright-field 
microscopic time-lapse video images for optical 
detection of contractility of cultured hiPSC-CMs 
and discriminating functionally normal from 
abnormal cardiomyocyte contractions.73 They 
applied a sliding window method, fast Fourier 
transform, and uniform manifold approximation 
and projection (UMAP), for data augmentation, 
preprocessing, and nonlinear dimensional 
reduction, respectively. Finally, a support vector 
machine (SVM) was trained to assess the quality 
of individual contraction waves.

ML algorithms can also be beneficial in 
replacing manual morphology analysis of stem 
cell-based embryo models with less biased 
and more efficient automated workflows. The 
embryo-like structures can be formed from 
the self-assembly of embryonic and extra-
embryonic stem cell lines. They are useful for 
in vitro investigation of embryo development. 
Manual analysis of the morphology of stem cell-
based embryo models is researcher-dependent 
and associated with insufficient efficiency due to 
common variations in PSC cell lines secondary 
to differences in genetic background, culture, 
and methods of reprogramming.74 To tackle this, 
Guo and others applied ML for high-content 
analysis of the embryo-like structures using 3D 
images.74 Additional biological parameters (such 
as area, length, width, fluorescence intensity, 
and so on) were also quantified along with the 
machine-extracted features of the algorithm. The 
ML algorithm was trained by introducing good-
morphology structures (high-grade ITS) as well 
as low-grade examples not representing ITS 
(iPSCs and trophectoderm stem cells) embryos 
(figure 4-A, B). The ML algorithm extracted 
multivariate features, capable of discriminating 
high- and low-grade ITS examples. Figure 4-C 
illustrates a summary of the method.

Flow Cytometry-Based Methods
The large-scale datasets obtained from 

the flow cytometry techniques are another 
input data with the potential for coupling with 
ML approaches for cell sorting purposes. 
Accordingly, Sardiu and colleagues used 
Nilsson’s rare hHSCs flow cytometry dataset, 
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an immunological publicly available dataset, to 
provide an effective approach to analyze large-
scale flow cytometry data and identify rare cell 
populations.75 Their method consisted of coupling 
the Topological Score or TopS (a previously 
developed proteomics data analysis method)76, 77  
with ML approaches such as topological 
data analysis (TDA), X-shift clustering, and 
t-Distributed Stochastic Neighbor Embedding 
(t-SNE). The original data was first processed 
by Weber’s arc-sinh transformation78 to generate 
a so-called “original/transformed data” matrix. 
Following the generation of topological values, a 
Pearson correlation and a hierarchical clustering 
were performed to obtain an illustrated sample 

classification. The ML approaches were then 
utilized to show the capability of TopS in rare cell 
discrimination.75

Video-Based Methods 
As previously described, ESCs are PSCs 

with self-renewal abilities. Guan and colleagues 
developed a DL AI-based random network 
(RandNet) with an auto-encoder feature extractor 
to divide human ESCs (hESCs) into six groups 
(namely, cell clusters, attached cells, unattached 
cells, apoptotically blebbing cells, dynamically 
blebbing cells, and debris) (figure 5-A). In this 
research, time-lapse videos were captured 
from hESCs using phase contrast microscopes.  

Figure 4: ML algorithm based on the visual dataset for identifying iPSCs and trophectoderm stem cells: A) ML–based high–
content ITS embryos analysis method is capable of discriminating high- and low-grade ITS examples. B) Scanning the images 
by PerkinElmer Opera Phenix high–content confocal helps discriminate different stem cells. C) The strategy behind the ML 
method is based on applying different biological parameters (Reproduced from Elsevier under 5372900848943 permission 
number). iPSC: Induced pluripotent stem cell; TSC: Trophoblast stem cell; BF: Bright field; GFP: Green fluorescent protein; 
HSC: Hematopoietic stem cell; ROI: Region of interest; ITS: iPSCs and trophectoderm stem cells; ITX: iPSCs, trophectoderm 
stem cells, and extraembryonic endoderm stem cells; PSC: Pluripotent stem cell
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Then, different video parts were assembled 
into various groups, on which AI algorithms 
were applied. This helped to categorize the six 
described elements in the ESCs culture media by 
an accuracy value of 0.97±0.0094. It also helped 
with improving the ESCs’ sorting for regenerative 
medicine and clinical applications.79 

Non-Visual Data
Microarray-Based Methods

Shibata and colleagues studied the lectin 
microarray using AI models for human pluripotent 
stem cell (hPSC) identification (figure 5-B). 
Lectin microarray is the study of glycan patterns 
and heterogeneity in different cell types. Since 
most cellular proteins are glycosylated, the lectin 
microarray can be considered as a biomarker 
for recognizing normal cells and disease 
patterns.80 In this study, principal component 
analysis (PCA) was first applied to the glycan 

profile of five different cell lines, including 
hPSCs, mesenchymal stromal cells, ovarian 
and cervical cancer cells, and endometrial cells. 
Subsequently, the linear classification66 and 
neural network (NN) were applied on the lectin 
microarray to discriminate these cells from each 
other. The target cell (PSC) was successfully 
discriminated by 0.89 and 0.97 accuracy values 
using LC and NN, respectively.81 

Expression Pattern-based Methods
Complex biological dynamics of the molecular 

regulatory networks are involved in the formation 
of a functional pluripotency state. The research 
of Stumpf and colleagues is another example 
of using ML to study complex dynamics in 
cell communities.82 They used a PCA-similar 
approach to reconstruct the pluripotent cell 
identities from single-cell expression data. 
The method consisted of three main steps:  

Figure 5: Using RandNet algorithm for visual and NN algorithm for non-visual datasets to cluster and identify stem cells: A) hESC 
can be sorted using RandNet AI–based algorithm into six different groups based on the microscopic videos (Adapted from Guan 
and others, 2021 under CC BY license). B) PCA was applied on five different cell lines to identify PSCs using LC and NN algorithms 
with the help of lectin microarray (Reproduced from Elsevier under 5372901428561 permission number). PC: Principal component
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1) Snapshot collection from the regulatory activity 
of individual cells using their expression data, 
2) PCA application on snapshots to extract the 
regulatory network patterns and weighting, and 
3) Fitting a Gaussian Mixture Model to weight 
based on the low-dimensional representation 
of the activity of the regulatory network. Their 
method helped identify three different stem cell 
network configurations and their association 
with specific combinations of regulatory network 
activity patterns involved in controlling various 
aspects of the cell response to environmental 
circumstances.82

Electrical Data-Based Methods
Although ML has extensive applications in 

the analysis of cellular images as the primary 
data, there are examples of using other 
types of input data with AI for biological study 
purposes. Electrical impedance spectroscopy 
(EIS) of live cells is a non-invasive, label-free, 
and quantitative method for the assessment 
of the stem cells in terms of proliferation and 
differentiation.83 This method, however, requires 
broad post-processing analysis. Cunha and 
others developed three ML models to classify 
the stem cell differentiation or proliferation status 
based on the electrical impedance data.83 Their 
method comprised of recording the impedance 
data every 5 days for a 35-day duration, and 
subsequent use of long short-term memory 
(LSTM) artificial recurrent neural networks 
for classification purposes. To overcome the 
overfitting problem, a regularizer (a connected 
hidden layer using Ridge regularization) and a 
random Dropout (dropping selected classifiers 
randomly during the training process for a second 
recovery, resulting in enhanced accuracy and 
less overfitting) were applied. Finally, a Softmax 
activation function was used to translate the 
probability of the model into differentiation or 
proliferation classes.83

Cell electrophysiological data is another input 
data that can be coupled with ML algorithms. For 
instance, Heylman and colleagues developed 
an algorithm by applying a supervised ML 
(TreeBagger function of MATLAB, which uses 
random forests with bootstrap aggregation for 
training) for drug development purposes.84 They 
used the algorithm on cell electrophysiological 
data, based on the assessment of voltage-
sensitive dyes (VSDs) located in the cell 
membrane of hiPSC-derived cardiomyocytes 
by 2-photon microscopy. The algorithm was 
successful in the accurate assessment, 
prediction, and classification of membrane 
depolarization of the target cells upon exposure 
to the chronotropic drugs.84

Biomechanical Data-Based Methods
One of the most commonly used techniques 

for cell enrichment is FACS, which analyzes 
the cell surface markers. Darling and Guilak 
introduced a biomechanical-based method to 
train the AI algorithms using the data acquired 
from an atomic force microscopy (AFM) and its 
biomechanical properties, such as equilibrium 
modulus, elastic modulus, structural features, 
and viscosity, instead of the routine FACS and 
cell surface property methods. Cell enrichment 
is divided into two main categories: removing 
the unrelated cells and isolating the target cells. 
In the current study, the isolation was assessed 
based on AFM data, whereas the neural network 
was used to categorize similar cells. In one of 
their experiments, two adult stem cells, adipose–
(ASCs) and bone marrow–derived (MSCs) stem 
cells, were successfully isolated from primary 
mesenchymal-derived cells after NN training 
based on the AFM data. Such approaches are 
important due to the growing demand for tissue 
engineering techniques requiring cell sorting 
and isolation methods.41

Recent research in the ML applications for 
stem cell sorting is summarized in table 1, and 
compared in terms of their input data, stem cell, 
ML methods, study purpose, and performance 
values. 

The analysis of stem cell sorting approaches 
revealed that image-based data dominate 
among input types, comprising 53% of all data 
modalities used (figure 6-A). This substantial 
reliance on image data can be attributed to 
the high information content and resolution 
provided by imaging techniques, which allow for 
detailed assessment of stem cell morphology 
and phenotypic characteristics. Imaging is 
particularly well-suited for ML algorithms, 
especially DL models, due to its structured 
pixel-based format and large datasets that can 
be annotated or augmented for training.87 In 
contrast, other data types, such as electrical, 
biochemical, or flow cytometry data, represent a 
smaller fraction of use, likely due to limitations in 
scalability, standardization, or compatibility with 
automated image analysis pipelines.

In terms of stem cell types studied (figure 
6-B), iPSCs represent the largest category 
(44%), followed by MSCs (11%) and PSCs 
(17%). The dominance of iPSCs is likely due 
to their clinical relevance, broad differentiation 
potential, and growing interest in personalized 
regenerative therapies. Moreover, iPSCs often 
exhibit distinct morphological features that are 
readily captured and analyzed via imaging, 
reinforcing the predominance of image-based 
data in ML-driven stem cell research.88 It also may 
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be attributed to their biological reprogramming 
ability and the provision of reduced reliance 
on ESCs and adult stem cells, which are more 
limited in availability.89 These trends highlight 
the critical role of computer vision in advancing 
stem cell sorting technologies and the need for 
robust image analysis tools tailored to stem cell-
specific applications.

 
Future Perspective 

The landscape of stem cell research 
and therapy is being profoundly reshaped 
by advancements in AI and ML. For a more 
comprehensive look at the future perspectives 
of the AI-driven stem cell sorting algorithms, it 
is better to first discuss the current marketed 
AI-based stem cell sorter technologies. This can 
be divided into two main categories, including 
automated devices with advanced ML algorithms 
to sort and separate special stem cells, and the 
online or offline software, which can be used 
for stem cell sorting in combination with other 
devices. 

Automated Devices with Advanced ML 
Algorithms

Automated cell sorting devices incorporate 
ML algorithms to enhance the precision and 
efficiency of identifying and isolating specific 
stem cell types. These devices are designed to 
handle complex sorting tasks that require high-
throughput capabilities and precise control.

1. ThinkCyte’s VisionSort utilizes a technology 
called Ghost Cytometry, which combines 
image-based sorting with real-time AI analysis 
to sort cells without the need for fluorescent 
markers. This system is particularly adept at 

distinguishing subtle morphological differences 
between cells, which is crucial for applications 
such as regenerative medicine, where cell purity 
can significantly impact therapeutic outcomes.90

2. NanoCellect’s WOLF G2 Benchtop 
Microfluidic Cell Sorter is another example, 
celebrated for its gentle handling of cells, thereby 
preserving their viability and functionality. It 
uses microfluidic technology to sort cells under 
low pressure, reducing the stress inflicted on 
delicate stem cells during sorting.91

3. Deepcell offers the REM-I platform, an 
AI-powered system that integrates single-cell 
imaging, sorting, and high-dimensional analysis. 
This platform is highly effective in areas such 
as cancer research, stem cell studies, and 
gene therapy, providing deep insights into cell 
biology through advanced AI-based morphology 
analysis.92

Software Solutions for Stem Cell Sorting
Complementing physical sorting devices 

are software solutions designed to enhance 
the functionality and usability of cell sorters. 
These programs allow researchers to define 
sorting parameters more precisely, analyze 
results in real-time, and integrate with existing 
laboratory information systems for seamless 
data management.

1. BD FACSChorus Software, designed for 
use with BD’s cell sorters, simplifies the cell 
sorting process with an intuitive interface and 
automated features that guide users through 
setup, execution, and analysis of sorting 
procedures.93

2. MACSQuantify™ Tyto Software by 
Miltenyi Biotec is designed to handle complex 

Figure 6: AI-assisted stem cell sorting researches listed in table 1 are summarized in this figure. A) Input data distribution 
shows that image data consists about 53% of all input data, and B) Distribution of stem cell types classified by AI-based 
methods represents that iPSC is responsible for 44% of cell types; iPSC: Induced pluripotent stem cell; ASC: Adipose-derived 
stem cell; NPC: Neural progenitor cell; ESC: Embryonic stem cell; hHSC: Human hematopoietic stem cell; NSC: Neural stem 
cell; PSC: Pluripotent stem cell; MSC: Mesenchymal stem cell



Mousazadeh M, Jahangiri-Manesh A, Soltaninejad H, Yazdi F, Rahimian K, Curran KM, Khashayar P

298� Iran J Med Sci May 2026; Vol 51 No 5

cell sorting experiments. It offers advanced 
data protection, streamlined standardization, 
and easy integration into GMP environments, 
making it ideal for high-level cell sorting tasks.94

Startups Shaping the Future of AI-based Stem 
Cell Sorters

Several startups are pivotal in driving 
innovation in this sector. These companies are 
not only enhancing current technologies but are 
also paving the way for new applications and 
methodologies in stem cell sorting.

1. Somite, a rising leader in the field, is using 
AI to create innovative models that enhance the 
production of human tissues from stem cells for 
therapeutic purposes. Their efforts are essential 
in overcoming the current challenges of 
scalability and efficiency in stem cell therapies.95

2. CytoRecovery specializes in microfluidics 
technology to separate specific cell types, 
including cancer stem cells, from complex 
biological samples. Their advancements aim to 
boost the accuracy of cell therapies and improve 
cancer treatment methods.96

AI-based technologies are revolutionizing 
the field of stem cell research and therapy. 
Automated devices and sophisticated software 
solutions are making stem cell sorting more 
precise and efficient, while startups play a 
critical role in advancing these technologies and 
expanding their application in medicine. As AI 
continues to evolve, its integration into stem cell 
technologies holds the promise of significant 
breakthroughs in healthcare and therapy.

Conclusion

The successful application of stem cells in 
regenerative medicine necessitates the precise 
separation of undifferentiated from differentiated 
cell types. This is predominantly achieved 
through the integration of FACS or biochemical 
methods with traditional techniques, wherein the 
identification of molecular characteristics and 
accurate cell isolation are accomplished through 
costly and time-intensive processes. Recent 
advancements in AI technology have also proven 
advantageous in biomedical applications. This 
review presents a comprehensive analysis 
of recent research on ML-assisted stem cell 
sorting approaches. These approaches are 
categorized based on the type of input data 
derived directly from biological samples 
(specifically stem cell populations), which are 
subsequently processed by computational 
ML-based methods. The integration of AI in 
stem cell sorting methodologies offers several 
advantages, including enhanced accuracy, 

predictive capabilities, the classification of 
complex cell populations, and increased time and 
cost efficiency. In addition, automated devices 
and software solutions are making stem cell 
sorting more precise and efficient, and startups 
can play a critical role in advancing AI-based 
technologies. Nevertheless, the dependency on 
the quality of laboratory-obtained data remains 
a significant limiting factor. Future research 
should aim to minimize human involvement in 
the collection of primary data to achieve a more 
accurate and automated process. 
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