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ARTICLE INFO ABSTRACT

Keywords: Mesenchymal stromal cells (MSCs) therapy has emerged as a new approach for regenerative medicine. However,
Umbilical Cord Mesenchymal Stromal Cells with the expansion of MSCs, passaging-induced in vitro senescence inevitably leads to impaired cellular quality
(UCMSCs) and reduced their regenerative capacity, thereby limiting therapeutic efficacy. Until now, there is no quick and
Bone Marrow Mesenchymal Stromal Cells . . .. . . s

(BMMSCs) effective method monitoring the senescence of clinic-grade MSCs to ensure their quality before clinic use. Here,

we introduced a morphology-based deep learning senescence analysis system to identify the passage number of
MSCs to evaluate the senescence state of MSCs from pre-trained ResNeXt network. We used some specific mo-
lecular markers to identify aged MSCs, which exhibited flat and hypertrophic senescent-like morphology,
decreased proliferation ability and immunomodulatory function. Especially, we used the expression of Ki67,
RPS6, and p-galactosidase (p-gal) to identify senescent cells with increasing cell generations. Simultaneously, we
used the ResNeXt network as the classification network, which could analyze the images of human umbilical cord
mesenchymal stromal cells (HUCMSCs) and human bone marrow mesenchymal stromal cells (HBMMSCs)
automatically. We found that culture generation could induce in vitro natural senescence of HUCMSCs, exhibiting
flat and hypertrophic morphology, decreased proliferation ability and immunomodulatory function, increased
aging markers including Ki67(—), pRPS6(+), SA-p-gal(+), P16, P21, and p53 expressions. Thus the number of
cell passage represents the aging degree of cells. Subsequently, we successfully evaluate the senescence state of
MSCs from pre-trained ResNeXt network optimized for classifying the natural cellular senescence. Our system
identified the passage number and types of MSCs with high accuracy.

Stem cell therapy

Image analysis

Deep learning

Conventional Neural Network (CNN)
ResNeXt

1. Introduction

Mesenchymal stromal cells (MSCs), a type of adult stromal cells
derived from the mesoderm, have self-renewal, multi-differentiation
potentials, and immune regulation capabilities [1-4]. MSCs can be iso-
lated from various tissues such as bone marrow, adipose, umbilical cord,
amniotic membrane, placenta, gingiva, and dental pulp [5-8].
Compared with other tissue-derived MSCs, human umbilical cord-
derived mesenchymal stromal cells (HUCMSCs) have a wide range of
clinical application prospects in regenerative medicine and tissue engi-
neering due to their simple isolation, high purity, quick expansion, and
excellent immunomodulatory function [9-11]. It is well known that
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aging of cultured MSCs, same as other cells, will gradually step into
senescence as the number of passages increases during proliferation
process.

The hallmarks of senescent cells encompass alterations in chromatin
structure, cessation of proliferation, metabolic reprogramming, upre-
gulation of anti-apoptotic pathways, accumulation of damaged macro-
molecules, and genomic instability [12]. Characterizing and identifying
senescent cells has posed a longstanding challenge due to the absence of
specific markers unique to cellular senescence. Consequently, reliance
on a single marker is insufficient for defining the senescent state, as these
markers may also be present in other cellular conditions. Therefore, the
use of a combination of multiple markers is essential for the accurate
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identification of senescent cells. MSCs at early passage are small and
have fibroblast-like morphology while senescent MSCs at late-passage
appear relatively hypertrophic and flattened forms during expansion
and culture in vitro [13-15]. The enlargement of senescent cells into
hypertrophic cell morphology is often accompanied by changes in their
biological characteristics [16,17].

Cellular senescence was a permanent state of cell cycle arrest that
served as a response to stress or damage, leading to various intracellular
phenotypic changes. Many senescent cells accumulated p21 that
inhibited cyclin-dependent kinases (CDK) and activated pl6 that
inhibited CDK activity, resulting in sustained hypo-phosphorylation of
RB family proteins, inhibited E2F transcription factors, downregulated
the proliferation marker MKI67, and, subsequently cell cycle arrest
[18-20]. Furthermore, activation of RB and p53 also occurred in other
forms of cell cycle blockade [21].

Senescent cells can be defined as arrested cells with activated mTOR
[22]. The ribosomal protein S6 (RPS6) is phosphorylated in response to
mTOR activation, which serves as a marker that distinguishes between
senescent and quiescent cells [23,24].

In senescent cells, both the number and size of lysosomes increased,
and the increased lysosomal mass was associated with the activity of the
senescence associated B-galactosidase (SA-B-gal), which increased dur-
ing cellular senescence [25]. Therefore, SA-p-gal was widely used as a
marker for senescent cells. By detecting the activity level of SA-p-Gal in
cells, the degree of cellular senescence could be evaluated [26].

Therefore, in addition to cell morphological changes in senescent
cells, specific molecular biomarkers can be used to detect cellular
senescence, such as P16, P21, and p53 proteins. Simultaneously, the
expression of Ki67 and ribosomal protein S6 (RPS6), as well as the
assessment of B-galactosidase activity, are widely used to identify se-
nescent cells [27,28].

A variety of culturing elements such as stressors and DNA damage
could lead to senescence, constant culturing passages induced the
replicative senescence due to the division potential exhaustion [29,30].
In addition, replicative senescence decreases genetic stability of cultured
MSCs and aggrandizes the risk of cell transformation [31]. Furthermore,
senescent cells could directly facilitate the tumorigenesis or promote the
invasiveness and proliferation of malignant cells by releasing
senescence-associated secretory phenotype (SASP) including chemo-
kines, cytokines, and proteases [32]. Thus, the senescent MSCs will
reduce the therapeutic efficacy and bring a risk of tumorigenesis to re-
cipients when applied to clinical therapy.

Clinic-grade MSCs must meet the criteria of high quality. In previous
study, we have established systematic quality assessments of manufac-
tured MSCs for therapeutic application [33]. Because there is a tight
connection of transformation and senescence, the altered functions and
transformation of senescent MSCs may bring a high safety risk to re-
cipients of cell therapies. Thus MSCs-based therapeutic products should
be performed cellular quality evaluation of senescence because senes-
cence could compromise the quality of manufactured cells and decrease
their functionality. The systematic quality assessments of clinic-grade
MSCs are complex and contains a combination of various evaluation
methods. Until now, there are still lacking a fast screening method for
quality evaluation and senescence of cultured MSCs, especially for the
quick release inspection of MSCs-based therapeutic products before
clinic use.

At present, Convolution Neural Network (CNN) based deep learning
methods have acquired productive applications in the field of image
classification [34-37]. CNN based methods extract the image features
through the convolutional layer, and learns the parameters through
backpropagation. In a word, the neural network can automatically learn
and adjust parameters so that appropriate features can be extracted for
specific tasks defined in training stage. These features may be subtle
features that humans are not able to notice, or they may be extensively
complex. Each cell shows a unique cellular morphology. CNN will be an
alternative technique for different sources of cell morphological
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identification. The development of CNN makes it possible to automati-
cally identify the generations and types of MSCs based on phase contrast
microscope images, which will be well applied in biomedical field. The
accuracy of image classification by CNN has largely exceeded that of
human recognition, which potentially was an efficient and highly
modular network structure used for image classification in the quality
assessments of clinic-grade MSCs in cell therapy.

In this study, we have developed an automated image analysis
method based on the morphology of MSCs for identifying their gener-
ation number, which represented the senescence and quality of cultured
MSC. We investigated whether morphological changes could accompany
cell aging and recognize the generation numbers of cultured MSCs
during their expansion using automated image analysis. The aim of our
study was to develop and validate a tool for quick cellular quality
screening based on cell morphology changes in MSCs-based therapy.

2. Methods
2.1. Isolation and culture of HUCMSCs and HBMMSCs

This study was approved by the Research Ethics Board of Nanjing
Drum Tower Hospital, - Affiliated Hospital of Medical School, Nanjing
University. The umbilical cord tissue (n = 14) was derived from normal
term infants born and bone marrow (n = 14) were obtained from iliac
crest aspirates of healthy donors in the Department of Obstetrics and
Gynecology, Nanjing Drum Tower Hospital. All donors signed informed
consent. The parturient had no family history of hereditary disease or
infectious disease through screening examination, and the test for HBV,
HCV, HIV, syphilis and other pathogens was negative. The umbilical
cord tissue and bone marrow were obtained in a sterile bottle under
aseptic conditions in the delivery room, and was transported to the
Clinical Stem Cell Research Center at 4 °C for cell isolation and culture
according to our previous publication [33].

The umbilical cord tissue was cut into about 2-cm small sections and
repeatedly washed with DPBS containing 2 % penicillin streptomycin.
The three blood vessels in the umbilical cord were removed carefully
and residue was cut into pieces of approximately 1 mm with ophthalmic
scissors, which were pasted directly onto the bottom of a 75 cm? culture
flask (Corning, 430641). After 4 h, the complete medium (DMEM
(Gibco,10567014) containing 10 % fetal bovine serum (Gibco,
12664025) and 100 mg/mL streptomycin and 100 U/mL penicillin
(Gibco, 15140122) were gently added into culture flask, which then was
placed in a 5 % CO2 incubator at 37 °C. After 10-14 days, there will be
fibroblast colony forming unit (CFU-F) around the attached tissues. The
passage was performed when the cells grown to 80 %-90 % confluence
(passage 0, P0). HUCMSCs were passaged from PO to P10, and the cell
morphology was captured under an inverted microscope at different
generations of the HUCMSCs. To observe HUCMSCs growth, the pro-
liferation of HUCMSCs at P2, P5, and P10 were detected using an EDU
kit (RiboBio Co., Ltd.) in 12-wells plates.

Bone marrow mononuclear cells were isolated by density gradient
centrifugation with human lymphocyte isolation fluid (Tianjin Haoyang
Biological Co., LTD, LTS10770125) and then seeded in the complete
medium (DMEM (Gibco, 10567014) containing 10 % fetal bovine serum
(Gibco, 12664025), 100 mg/mL streptomycin and 100 U/mL penicillin
(Gibco, 15140122). Cells were incubated in a 5 % CO5 incubator at
37 °C. After 48 h, the complete medium was changed to discard non-
adherent cells and changed 2-3 per week thereafter. After 10-14 days,
there will be fibroblast colony forming unit (CFU-F). The passage was
performed when the cells to 80 %-90 % confluence (P0O). HBMMSCs cell
morphology was captured under an inverted microscope (Olympus,
Japan).

2.2. Surface marker expressions of HUCMSCs

MSCs should meet the minimal criteria of the guidelines from
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Mesenchymal and Tissue Stem Cell Committee of the ISCT including
plastic adhesion, expression of specific surface markers (CD73, CD90,
CD105, positive cells > 95 %; CD14, CD19, CD34, CD45, and HLA-DR,
negative cells < 2 %) and capable of multilineage differentiation into
adipocytes, osteoblasts and chondrocytes.

The surface marker expressions of HUCMSCs at P2, P5, and P10 were
detected by Flow cytometry (FCM, BD facsariatm, USA). For each pas-
sage of HUCMSCs, a total of 2 x 10° cells per tube were incubated with
the antibodies for 30 min. The phenotype of cells was analyzed by
FlowJo V10 software.

A total of 1 x 10° cells/well of HUCMSCs at P2, P5, and P10 were
inoculated in 6-wells plates for adipogenic and osteogenic differentia-
tion. The adipogenesis differentiation kit (Gibco, A1007001) and
osteogenesis differentiation kit (Gibco, A1007201) were changed every
3 days respectively. After 21 days, the osteogenesis and adipogenesis of
HUCMSCs were evaluated by Oil Red O staining (Sigma-Aldrich) and
Alizarin Red-S staining (Sigma-Aldrich, USA) respectively.

2.3. Immunomodulation assay

Increasingly evidence indicated that the most common immune-
mediated indications in MSCs animal studies and human case were
systemic lupus erythematous (SLE), graft-versus-host disease (GVHD),
and other diseases [38,39]. In this study, we isolated Peripheral blood
mononuclear cells (PBMCs), which were co-cultured with HUCMSCs at
P2, P5, and P10. The immunoregulatory effects of MSCs on Th1 (CD3*/
CD8 /IFN-y"), Th17 (CD3"/CD87/IL17"), and Tregs (CD4"/CD25"/
Foxp3™1) were determined by FCM (BD facsariatm, USA). About 5 x 10*
cells/well of HUCMSCs were seeded in 12-well plates for Th1, Th17, and
Tregs differentiation analysis. The detailed experimental methods and
reagents could be referred to our previous studies [40].

2.4. Immunocytochemistry and Senescence-Associated p-galactosidase
(SA-f-gal) staining

About 4 x 10* cells/well of HUCMSCs at P2, P5, and P10 were seed
in 12-wells plates with glass coverslips and fixed with 4 % para-
formaldehyde for 15 min. Then the HUCMSCs were stained by senes-
cence f-galactosidase staining kit (Beyotime, China) according to the
instruction of manufacturer. Cells were then permeabilized with 0.5 %
Triton-X100 for 5 min and then blocked in bovine serum albumin for 1 h
at room temperature. Subsequently, samples were incubated with the
antibodies against pRPS6 (1:1000, 4858, Cell Signaling, USA) and Ki67
(1:200, ab279653, Abcam, USA) at 40C overnight. We then used Goat
anti-Rabbit IgG (H + L) highly cross-adsorbed secondary antibody,
Alexa Fluor™ 488 (1:400, Invitrogen-A11034, USA), or Goat anti-Mouse
IgG (H + L) highly cross-adsorbed secondary antibody, Alexa Fluor™
568 (1:400, Invitrogen-A11031, USA). Nuclear staining was performed
using DAPI mounting medium (ab104139, Abcam, UK), and micro-
graphs were performed with a fluorescence microscope (Leica,
Germany).

2.5. Western blot assay

HUCMSCs at P2, P5, and P10 were lysed with lysate buffer con-
taining a protease inhibitor (Beyotime Biotechnology) and the concen-
trations were measured by BCA Protein Assay Kit (Beyotime
Biotechnology). A total of 30 pg HUCMSCs protein was loaded, sepa-
rated by SDS/PAGE, and then transferred to a PVDF membrane. Next,
blocked in 5 % BSA (Sigma-Aldrich), the membrane was incubated at
2-8° C overnight with following corresponding antibodies: anti-p21
(1:1000, CST, 2947S), anti-p16 (1:1000, Abcam, ab512433), anti-p53
(1:1000, CST, 2527S), and GAPDH (1:50,000; Proteintech Wuhan,
China). Finally blots were detected with supersensitive ECL kit (Vazyme
Biotech Co., Ltd) by scanner device (Tanon, 5200 Multi).
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2.6. ResNext classification algorithm

CNN has been widely used in computer vision since Alex achieved
the first place on ImageNet competition in 2012 [41]. For image clas-
sification task, CNN have surpassed humans in classification accuracy,
so the CNN based method was proposed to complete HUCMSCs image
classification in this study. So far, there have been many classification
networks, such as AlexNet [42], VGGNet [43], Googlenet [44], ResNeXt
[45]. ResNeXt could achieve a good of classification accuracy, so it had
been used as the final neural network in this paper. The structure of
ResNeXt network was shown in Fig. 1. First, we used a 7 x 7 convolu-
tional layer and a maxpooling layer with stride of 2, which could quickly
reduce the resolution of the image and the amount of computation. After
that, we used multiple ResNext modules to extract features from images,
and finally included a global average layer and a two-layer softmax
classifier. The global average layer was used to aggregate feature in-
formation, and softmax classifier could output the probability of each
classification category. Softmax function is as follows:

eXi
n_x
>ia€d

Where y; stands for the probability of belonging to category I, n
represents a total of n categories. The softmax function converts the final
output to a value between 0 and 1 to represent the probability of clas-
sification, which adds up to 1 for each category. We used cross-entropy
function as our classification loss function.

@

softmax : y, =

2.7. Data availability

All data are presented as the mean value + standard deviation (SD)
from at least three tests. The statistical analysis of data was performed by
GraphPad Prism version 5.0 software. Comparison between multiple
groups by one-way ANOVA was carried out to analyze data. P < 0.05
was considered significant.

3. Results
3.1. Characterization of HUCMSCs at different passages

We examined the morphology of HUCMSCs at different passages
under an inverted microscope (Olympus, Japan). HUCMSCs at P2 and P5
were healthy spindle shaped, but those at P10 were enlarged and flat.
The cell size of HUCMSCs at P10 was significantly increased compared
with HUCMSCs at P2 and P5 (Fig. 2A). HUCMSCs at P2, P5, and P10
highly expressed markers CD73, CD90, and CD105(>95 %), and did not
express CD14, CD19, CD34, CD45, or HLA-DR surface markers (<2%)
(Fig. 2B). Subsequently, the osteogenic and adipogenic differentiation of
HUCMSCs at P2, P5, and P10 were induced by certain induction medium
and assayed by Alizarin Red and Oil Red O staining, respectively. The
results showed that HUCMSCs at different passages have similar dif-
ferentiation potential (Fig. 2C).

3.2. Immunomodulation effects of HUCMSCs at different passages

Many studies have been reported that MSCs possess excellent
immunomodulatory potential via paracrine immune mediators or in-
teractions with immune cells contributing to the therapeutic effects on
various immune diseases [46]. PBMCs was isolated and cultured with
different passages of each HUCMSCs strain to estimate the immuno-
regulation capability in vitro. HUCMSCs at P2, P5, and P10 could
significantly diminish the proportion of CD3"/CD8 /IFN-y + Th1 sub-
populations and CD3*/CD8 /IL17 + Th17 subpopulations and greatly
increased the proportion of CD4"/CD25" /Foxp3 + Treg subpopulations
in PBMCs induced by IL-2 (Fig. 3A-F). Our findings showed that there
was individual heterogeneity in immunomodulation among 3
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Fig. 1. The left diagram showed the classification network structure and the right diagram showed the specific implementation of its own bottleneck layer. The input
is the output feature map from the previous layer. Suppose it is a channel number of n, the length and width are h and w respectively, we use a 1x1 convolution and
reduce it to a feature with a channel number of n/32 The feature map is fed into 32 convolutional layers with stride = 1 respectively, and the output feature map is
operated by concat, and the size of the feature map is still the same as the input. After that, we refer to the residual structure, add the input feature map element by
element, and finally change the number of channels of the feature map through 1x1 convolution.

HUCMSCs, and the same HUCMSCs at different passages also have
obvious differences in every aspect of immunomodulatory capability.
For example, UC1 HUCMSCs had better immunoregulatory function
than other two HUCMSCs. Interestingly, we found that HUCMSCs at P2
and P5 could markedly inhibited the activation and differentiation of
CD4* T cells into Th17 subpopulations compared with HUCMSCs at P10.
Above all, the results showed that the immune regulation function of
HUCMSCs will decrease with the increase of cells passage in vitro.

3.3. Expansion of HUCMSCs induces senescence in vitro

To accurately assess the degree of cellular senescence across different
generations, it may be necessary to evaluate multiple senescence
markers. A comprehensive analysis of Ki67 and pRPS6 expression, along
with the assessment of p-galactosidase activity, could facilitate the
identification of senescence in HUCMSCs at P2, P5, and P10.The per-
centage of Ki67(—)pRPS6 (+)SA-p-gal (+)cells was enormously
enhanced at P10 compared with P2 and P5 cells (Fig. 4A-B). To further
validate our experimental observation, the proliferation ability of
HUCMSCs at p2, p5 and p10 was detected by EDU staining. There was an
obvious decrease in the percentage of EDU-positive HUCMSCs from P2
to P10 (Fig. 4C-D). We also examined the level of cellular senescence-
related proteins p16, p21, and p53. All the three markers were mark-
edly elevated at P10 HUCMSCs compared with those at P2 and P5
(Fig. 4E). We concluded that HUCMSCs could develop senescent
phenotype during consecutive passaging expansion.

3.4. HUCMSCs image classification

3.4.1. Experiments setup

The deep learning framework used in this paper was Keras, which
was a further encapsulated framework based on TensorFlow and had
more advanced and convenient functions compared with TensorFlow
[47]. The graphics card was a GTX1070TI. The network had been

trained and tested on a windows 10 desktop computer with 16 GB
memory.

3.4.2. Image generation classification of HUCMSCs

In this study, we proposed an image analysis method of HUCMSCs
based on CNN. For a given image of HUCMSCs, the generation of the
cells in the image was predicted. We cultured 14 HUCMSCs strains and
collected cell images from them. Among them, the cell images of 10
HUCMSCs strains were randomly selected to form the training set, the
cell images of 2 HUCMSCs trains for the validation set, and the cell
images of the remaining 2 HUCMSCs strains were used as the test set.
The cell morphology of different passages for each strain was observed
under an inverted microscope (Olympus, Japan). Several images (40 X)
from generation P1 to P10 of these HUCMSCs were captured, and the
resolution of each cell image was 2592x1944 pixels.

For an image of HUCMSCs, the amount of data for the task of pre-
dicting the generation or interval of the cells in the image was shown in
Table 1 below:

For the task of predicting the generation or interval of the cells in, the
category was 10 (a total of 10 generations). During training, the batch
size was set as 8, and the stochastic gradient descent method was used
for iteration. The learning rate, was initially 0.001, and then it would be
drop 0.1 times if the accuracy of the validation set did not increase
within 100 times (Fig. 5C).

During the test, in order to give a more accurate probability for each
image, we cut the six regions of the image, namely the upper left, lower
left, upper middle, lower middle, upper right and lower right, respec-
tively to predict the probability of each generation. After averaging the
probability of the six regions, the probability of the image belonging to
each generation could be obtained. And for the task of measuring the
generation of the cells, we post-processed the prediction results. Within
the acceptable range, we allowed the prediction to give an interval of
maximum probability. So we would go to sum the probabilities of each
interval, and the interval with the highest probability is the prediction.
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Fig. 2. Characterization of HUCMSCs at P2, P5, and P10. (A) HUCMSCs at different passage exhibited a similar morphology, but HUCMSCs at P10 showed an
enlarged and flattened shape. (B) The surface markers of HUCMSCs at P2, P5, and P10 were analyzed. Flow cytometry was used to detect the surface markers in
HUCMSCs, CD14, CD19, CD34, CD45, and HLA-DR were negative, while CD73, CD90, and CD105 were positive. (C) The osteogenic and adipogenic differentiation of
HUCMSCs at P2, P5, and P10 were assayed by Alizarin Red (Scale bars = 200 pm) and Oil Red O (Scale bars = 100 pm) staining in vitro. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

The formula is:

interval probabilities = nl1 :::p,»,m =1,-,5i=1,--n—m 2)

Where m represents for the range of the interval, n is the total
number of categories, and p represents the probability of category i
predicted by the network (Fig. 5A).

For example, if we wanted to predict the most likely three genera-
tions of HUCMSCs corresponding to this image, we would sum the
probabilities from the first generation to the third generation, which was
regarded as the probability of belonging to the interval from the first
generation to the third generation after obtaining the probability of each
generation. Similarly, the summation of the probabilities from the sec-
ond generation to the fourth generation was taken as the probabilities
belonging to the second to fourth generation, and so on.

It was obvious that ResNeXt was accurated at 91.9 % in 3 generations
and 99.5 % in 5 generations in validation set (Fig. 5B) and ResNeXt was
accurated at 56.7 % in 3 generations and 91.0 % in 5 generations in test
set (Fig. 5D). In addition, the accuracy of the network was 92.9 % for
predicting which HUCMSCs strain in the training set the cells of image in
validation set belonged to.

3.4.3. Classification of MSCs from different sources

The second part of this research was the classification of HUCMSCs
and HBMMSCs. We define it as an image binary classification problem
(Fig. 6A). The network structure was the ResNeXt described in 4.1, and
the softmax of the last layer outputs the probabilities of 2 categories, and
the loss function used the binary cross-entropy function. We took 1000
images using microscope as dataset, of which 500 were HUCMSCs and
the other 500 were HBMMSCs. We take 70 % of the dataset as the
training set with a total of 700 images, and 30 % as the test set with a
total of 300 images, the specific data is shown in Table 2.

During training, we used the usual data augmentation for the
training set, including color jitter, random flipping, random rotation,
and translation. Then, a 448x448 sub-image is cropped from the center
of the image and fed into the network for training. We used adam as the
optimizer, the learning rate was set to 0.00001, the batch size was set to
8, After about 150 epochs of training, the network converges on the
training dataset (Fig. 6B). Different from Section 4.4, during testing, a
448x448 image was cropped from the center of the image and fed
directly into the network. In the study, our testing dataset consisted of
300 images, including 150 for HUCMSCs and 150 for HBMMSCs. The
accuracy on the testing dataset reaches 90.2 %.
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Fig. 3. Immunoregulation of HUCMSCs at p2, p5, and p10. There was remarkable individual heterogeneity in immunomodulation among 3 HUCMSCs, and had
obvious differences in every aspect of immune regulation at P2, P5, and P10. (A-B) The CD3"/CD8 /IFN-y + Th1 cells were detected by FCM and quantitatively
analyzed the data. (C-D) The CD3*/CD87/IL17 + Th17 cells were detected by FCM and quantitatively analyzed the data. (E-F) The CD4"/CD25"/Foxp3 + Treg cells

were detected by FCM and the data were quantitatively analyzed. Data represent as means + SD. *p < 0.05, **p < 0.01,

*p < 0.001 and #p < 0.05 represents

HUCMSCs at P2, P5, and P10 vs PBMC and HUCMSCs at P2 and P5 vs HUCMSCs at P10, respectively.

4. Discussion

In life, we can roughly judge what age a person is, and his/her
physical condition from a person’s appearance and body form. Similarly,
cell aging will also company significant morphological changes, such as
larger size, flat cell morphology, and poor refractive. Cell aging becomes
serious with the increase of cell culture generation, and the aging cell
biological activity gradually decreases. Therefore, the number of cell
generations represented the quality of the cells to a certain extent. In this
work, we proposed a deep learning method for image analysis of MSCs
based on optical images of cellular morphology to identify the genera-
tion of HUCMSCs and classify the types of MSCs from different tissue
sources such as HUCMSCs and HBMMSCs. We used ResNeXt neural
network as the classification network [41,48], which was improved on
ResNet network, had a relatively deep network structure and could
extract more features that were conducive to classification. We trained
14 HUCMSGCs strains from generation P1 to P10, and extracted the cell
image features accurately. In addition, the residual layer structure could
directly transmit the signals from the bottom layer to the upper layer,
and the network performance would not be worse as the depth increases,
which can greatly improve the accuracy of cell recognition. In this
method, we had completed predicting which generation the cells of the
image belong to, predicting which generation the cells of the image in
validation set belong to with an accuracy of 85.7 %. The accuracy of
predicting within 3 generations was 91.9 %, while the accuracy rate of
predicting within 5 generations was as high as 99.5 %. In test set,
ResNeXt was accurate at 56.7 % in 3 generations and 91.0 % in 5 gen-
erations for untrained HUCMSCs. And for predicting which HUCMSCs
strain in the training set the cells of image in validation set belong to, the

accuracy rate of the network reached 92.9 %. Meanwhile, the image
classification accuracy for identifying HUCMSCs and HBMMSCs was
90.2 %. This method successfully solved the problem that there was no
effective method to identify the generation and strain of HUCMSCs, and
identify the types of MSCs.

The convolutional neural network (CNN) use the convolution oper-
ations in the convolutional layer to extract features for classification task
[49,50]. The difference with CNN is that these operators are all artifi-
cially designed, and CNN can automatically learn these parameters ac-
cording to the back propagation of the error [51]. This makes it possible
for complex features to be extracted by complex convolution kernels
that cannot be designed by human beings, and the parameters in these
convolution kernels are automatically adjusted by neural networks
[52,53]. The feasibility of the convolutional neural network algorithm
has been confirmed on the ImageNet data set [54,55]. At present, there
are many convolutional neural networks that have excellent classifica-
tion accuracy on ImageNet, such as VGGNet, GoogleNet, ResNet, and
ResNeXt [56-59]. The research in this article showed that the ResNeXt
network could be used to classify the generation and type of MSCs based
on their optical images. The data source we used included cell images of
14 HUCMSCs strains from P1 to P10, which also included 14 HBMMSCs
strains images. Three models were trained with these data to predict
which generation and strain of HUCMSCs and which type of MSCs were
input into the images. In addition, cell image classification processing
required millions of parameters that could be used for network adjust-
ment. The number of cell lines we could use for training is limited, so we
could greatly increase the training set data by dividing the original
image into small sizes to reduce the amount of calculation and avoid
over-fitting, so that the network had better performance on the training



L. Wang et al.

EDU Staining

Biomedical Signal Processing and Control 104 (2025) 107549

% of positive cells

e >
¥ R

Senescent
(Ki67-,pRPS6+,]A-Gal+)

- P2
- P5
= P10

%of EDU-positive cells

P2 PS5 P10
UC1_UC2 Uc3 UCl_uc2 ucs uc1 ue2 ucs

. - A o v W o=@ e | 16kDa

———— . — v | 21kDa

— - w [53kDa

RNRPRpp————— ) ) 1]

Fig. 4. Characterization of HUCMSCs replicative senescence. (A) Representative cell images of HUCMSCs at P2, P5, and P10 stained to identify DAPI, pRPS6, and
Ki67 and to evaluate SA-B-gal activity. The Ki67(—)pRPS6(+)SA-B-gal(+) cells represented the senescence (Scale bars = 100 pm). (B) The Ki67(—)pRPS6(+)SA-p-gal
(+) cells of HUCMSCs at P2, P5, and P10 were statistically analyzed. (C) Representative cell images of EDU staining in HUCMSCs at P2, P5, and P10 (Scale bars =
100 pm). (D) The EDU positive cells of HUCMSCs at P2, P5, and P10 were statistically analyzed. (E) The level of p16, p21 and p53 proteins in HUCMSCs at P2, P5,
and P10 was analyzed by western blotting. Data represent as means + SD. #p < 0.05, ##p < 0.01, ###p < 0.001 represents HUCMSCs at P2 and P5 vs HUCMSCs

at P10.

Table 1
Data sets for the task of predicting the generation or interval of the cells in this image.
P1 P2 P3 P4 P5 P6 P7 P8 P9 P10
Training dataset 156 154 144 139 141 116 117 113 105 101
Testing dataset 33 42 44 53 76 35 41 38 47 45

data set, and ensured that the network is more generalized. In the pre-
diction, we also divided the original image into several blocks for indi-
vidual prediction, and finally synthesized the prediction results of all the
divided images to give the prediction result of the original image. Re-
sults proved that the ResNeXt network could well predict the generation
and strain of HUCMSCs and the types of MSCs in the input images.
Stem cells as a new medicine is one of the most complex therapeutic
products in the history of medicine. Unlike chemical molecular drugs
with stable activity, stem cell biological activity is affected by various
factors such as culture condition, generation number, donors and tissue
heterogeneity [60]. MSCs-based therapy is a promising strategy for a
variety of refractory diseases. Even when MSCs are cultured under
standard conditions, as their passage increases in vitro, MSCs can easily
become senescent, so that their beneficial effects are greatly diminished
[61,62]. Senescent MSCs can secrete various factors such as inflamma-
tory factors and other senescence-related secretory phenotypes (SASP),
which further exacerbate cellular senescence, thereby reducing the

function of MSCs [63]. Senescent cells exhibit many biological charac-
teristics including increased cell size, decreased cell proliferation rate,
increased lysosome content characterized by SA-p-gal, and decreased
immunomodulatory function [28,64]. The activity of p16, p2land p53
is positively correlated with cellular senescence [65,66]. In our study,
the results showed that HUCMSCs exhibited senescent phenotype during
cell consecutive passaging expansion from P1 to P10 as evidenced by an
increased cell size, increased Ki67(—)pRPS6(+)SA-B-gal (+) cells,
decreased immune regulation function, a lower level of EDU, and
elevation of the p16, p2land p53 level. Thus, MSCs transplantation is
best applied to cells within five generations, but until now there is no
effective method for cell-consuming hospitals to monitor which gener-
ation the cells provided by company were in. The characteristic corre-
lation between cell quality and morphology was analyzed based on
biological characteristics and cell features. The quality assessment of
MSCs included cell surface marker expressions, cell proliferation po-
tential, cytokine secretion, immunoregulation, and multiple
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the task of predicting which interval the cells of this image in validation set were in. (C) Learning curve through the CNN training. Loss in the training data and
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Fig. 6. The ResNeXt network predicted for the task of the types of MSCs. (A) Image classification of HUCMSCs and HBMMSCs. (B) Learning curve through the CNN
training of HUCMSCs and HBMMSCs. Loss in the training data and validation data showed the process of training.

Table 2
HUCMSCs and HBMMSCs image classification dataset.

Training set Testing set

HUCMSCs 350 150
HBMMSCs 350 150
Total 700 300

differentiation potential. The cellular image features of different bio-
logical activity were utilized to monitor the quality of cells through their
images. A Deep learning method is used to build a system to enable

customers to determine which generation the cells provided by the
manufacturer belong to only through cell pictures. In other words,
simply through this system we have mastered the capability to roughly
judge the quality of the stem cell product we used, without requiring a
complex and systematic quality evaluation of the cell product. In addi-
tion, the manufacturer can also use it to perform cell traceability, added
a traceability method other than tags. Therefore, this method could be
widely used in clinical application of stem cell-based therapy and in cell
producing of manufacturer.

Although this study has achieved the expected results in the gener-
ation and the types identification of MSCs, there are still some short-
comings need to be further improved. Combining the content described
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in this article, the following improvement ideas are proposed and the
future work direction is prospected. First, the data set in this article was
all derived from 14 HUCMSCs strains, which may make the training set
too single and the size of samples was not very large, which easily caused
the generalization ability of the cell recognition network to weaken.
Therefore, to solve this problem, we should expand the data set of
HUCMSCs strains more in the future, which is expected to further
improve the accuracy of the network in identifying MSCs.

Secondly, all the data sets in this paper were derived from HUCMSCs
and HBMMSCs, and the types of cells were limited. Currently, HUCMSCs
and HBMMSCs are two commonly used types of MSCs in stem cells
research. Observed by inverted phase contrast microscope, the cell
morphology of HUCMSCs and HBMMSCs was significantly different. The
cell morphology of HUCMSCs was long spindle-shaped, closely ar-
ranged, and grows in parallel or spiral shape, while the cell morphology
of HBMMSCs was more slender, thick in the middle, slender at both
ends, and less antennae. In this study, the ResNeXt network we used
could predict HUCMSCs with an accuracy of 90.2 %. However, the
morphology of HUCMSCs was similar to that of human gingival and
dental pulp derived MSCs, which are fibroblast like, long fusiform and
closely arranged [67,68]. This method may not be able to distinguish
cell types derived from different tissue, lacking a good cell type speci-
ficity when identify a variety of MSCs. Therefore, we should train other
types of MSCs derived from more different tissues to deal with image
classification problems.

In conclusion, we showed that generation number of clinic-grade
MSCs during their expansion correlated with the manifestation of
cellular quality and senescence-associated markers. We have developed
an automated image analysis method based on the morphology of MSCs
to recognize the generation numbers of cultured MSCS during their
expansion, providing a helpful tool for quick cellular quality screening
in MSCs-based therapy.
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