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Cell viability is an indispensable aspect of cells in the field of drug discovery, cell biology, and biomedical research 
to assess the physiological conditions of cells such as healthiness, functionality, survivability, etc. Recently, there have 
been several methods for determining the cell viability through either cell staining with trypan blue and acridine orange, 
propidium iodide, calcein-AM, etc., or colorimetric assays such as cell counting kit-8 assay. However, these methods 
have some limitations like time-consuming, expensive, unstable, individual variability, etc. Even present artificial in-
telligence software such as QuPath, ImageJ, etc., can only determine the cell viability after cell staining. Therefore, 
we attempted to determine whether cells are alive or not depending on the visual characteristics of an individual cell 
using Teachable Machine, a web-based artificial intelligence tool provided by Google. Labeling work to assign correct 
answers to learning data consumes a lot of time and human costs because it is usually done manually. To solve this 
problem, labeling was automated by recognizing and extracting only individual cells from the image using the contour 
function to increase time efficiency. In addition, many datasets were created to evaluate and compare the performances 
of models. Based on the results, the model that showed the best performance showed an accuracy of more than 80%. 
In conclusion, this model could minimize analysis time, expenses, individual variability, etc., enhancing the efficacy 
and reproducibility of biological experiments in the fields of drug discovery, drug development, and biological research.
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Introduction 

  When conducting experiments using cells, measuring 
cell viability is an essential process. Cell viability refers 
to the number of living cells, and its purpose is to check 
the physiological states of cells under different environ-
mental factors, including exposure to drugs/compounds, 
disease states, and cell culture parameters (1, 2). The most 
direct way to measure cell viability is through either stain-
ing cells or metabolic assay. For staining cells, the cells 
are treated with trypan blue or acridine orange (AO)/pro-
pidium iodide (PI) and thereafter directly measuring the 
number of viable cells (3, 4) but introduces more sample 
variability because of having multiple sample preparation 
steps. Additionally, these methods require specific reagents 
like AO/PI, trypan blue, 7-AAD (7-aminoactinomycin D), 
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etc. Similarly, MTT (3-(4,5-dimethylthazolk-2-yl)-2,5-di-
phenyl tetrazolium bromide), MTS (3-(4,5-dimethylth-
iazol-2-yl)-5-(3-carboxymethoxyphenyl)-2-(4-sulfophenyl)- 
2H-tetrazolium), CCK-8 (cell counting kit-8) and XTT 
(sodium 3’-[1-(phenylaminocarbonyl) 3,4-tetrazolium]-bis 
94-methoxy-6-nitro benzene sulfonic acid hydrate) assays 
are introduced based on the principle of measuring forma-
zan product that has been made from a chemical reaction 
through active metabolism in living cells (2, 5). However, 
the metabolic activity of cells can vary across cell types 
and conditions, which can fluctuate independently of via-
bility, leading to inconsistencies. Both staining and colori-
metric assays additional require reagents, machines, and of-
ten reinterpretation, making them less applicable in current- 
time. Therefore, this is a need to develop label-free cell viability 
assessment, avoiding both staining and metabolic assays. 
  Deep learning is a machine learning technique that struc-
tures features hierarchically by learning a deep neural net-
work (6) and improves results while repeating the work. 
Deep learning uses a certain form of artificial neural net-
work (ANN) to carry out training through data, and the 
trained ANN evaluates the provided data according to 
learned rules. Data is provided and processed through the 
input layer, and hidden layer, respectively, collecting data 
into the output layer. Such ANNs are currently showing 
excellent performance in the field of computer vision like 
image processing. Recently, Teachable Machine, a web-based 
artificial intelligence (AI) tool was developed by Google 
in 2017 (7) which facilitates AI learning related to images, 
sounds, and postures, composed of Class (data collection), 
Training (learning), and Preview stages. Class is based on 
binary classification, and multiple classifications are car-
ried out when additional data are input. In the Training 
stage, parameters for model learning can be set. Various 
models can be learned by adjusting a total of three ele-
ments: epoch, batch size, and learning rate. Preview enables 
checking the result of the classification of test data before 
extracting models after receiving data through a webcam 
or file upload in a web environment. The models learned 
through the Teachable Machine provide various functions 
so that functions can be selected and extracted from 
TensorFlow.js, TensorFlow Lite, and TensorFlow depend-
ing on the purposes, such as browser and mobile. The Tea-
chable Machine is a form of transfer learning and since 
it is based on MobileNet (8), a pre-trained image recog-
nition network, it is possible to train more quickly with less 
data than training from scratch (9).
  Based on the foregoing, this study was hypothesized to de-
velop an AI model for evaluating cell viability based on 
the shape of living and dead cells using the Teachable 

Machine. In this study, the AI model was developed after 
analyzing the results of several relevant models using the 
Teachable Machine (Supplementary Fig. S1). Further-
more, this study could be an alternative approach for eval-
uating cell viability in the field of basic and applied bio-
logical research which can significantly save time, and 
money and the individual variability in results.

Materials and Methods

Materials
  Human adipose-derived mesenchymal stem cells (hADMSCs) 
and human lung fibroblast cells (MRC-5) were purchased 
from Stemore (SCT002), and Korean Cell Line Bank (KCLB 
No. 10171), respectively and all cell experiments were con-
ducted using hADMSCs having passage number 12. In ad-
dition, the CCK-8 assay was purchased from MedChem 
Express while AO and PI were obtained from Thermo Fisher 
Scientific, and Sigma-Aldrich, respectively. Both Dulbecco’s 
modified Eagle’s medium (DMEM) and Trypsin-EDTA 
were bought from WELGENE. Similarly, fetal bovine se-
rum (FBS) and penicillin-streptomycin antibiotics (P/S) were 
purchased from Gibco-BRL, and Thermo Fisher Scientific, 
respectively. 

Cell culture
  Both hADMSCs and MRC-5 cells were separately cul-
tured in complete DMEM supplemented with 10% FBS 
and 1% P/S and incubated in a humidified 5% CO2 in-
cubator at 37℃. Cells were resuspended with 0.25% tryp-
sin and 1.0 mM EDTA-4Na and incubated in a humidi-
fied 5% CO2 incubator at 37℃ for 4 minutes. Afterward, 
trypsin was inactivated with a complete medium, and cells 
were washed with phosphate buffer solution (pH 7.4) and 
centrifuged at 712 g for 3 minutes. Lastly, the cells were 
resuspended in the same complete medium. Then, cells 
were divided into two groups. The first group consisted 
of living cells (LC100; 0.5×106) and the second group was 
composed of living cells and dead cells (LC50) in a 1：1 
ratio (0.25×106: 0.25×106). Dead cells were prepared by 
heating 0.25×106 cells at 80℃ for 15 minutes and mixed 
with the same number of living cells.

Quantitatively analysis of cell viability
  CCK-8 assay was used to evaluate cell viability and cells 
were processed as above. For quantitative analysis, cell sus-
pension (90 μL/well) was further added to a 96-well plate 
and 10% CCK-8 solution was added to each well. Then, the 
plate was incubated for 2 hours in the incubator and meas-
ured the absorbance at 450 nm using a microplate reader. 
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Fig. 1. Cell image pre-processing. (A, B). The cell viability of human mesenchymal stem cells (hMSCs) and human lung fibroblast (MRC-5) 
were quantitatively analyzed using CCK-8 assay in both LC100 and LC50 groups (n=5). Live/dead assay also was utilized to visualize the 
live and dead cells, respectively, in both groups. The data are presented as mean±SEM. ****p＜0.0001. Scale bars=50 μm. (C) For 
imaging processing, objects according to survival results from bright-field images were extracted and classified using different coordinate 
information obtained from the FITC channel and TRITC channel images. Then, the FITC channel images went through a Gaussian Blur 
filter (7×7 size) to remove the background which was further extracted based on the edges of the image using a Canny edge detection 
algorithm. Afterward, dilation convolution was applied after the Canny edge detection. Since an object was not recognized as a single 
object when the outlines were not completely connected, the receptive field was expanded using dilation convolution before a closing 
operation was performed. The object from the image was cropped by storing the coordinate values of the points constituting the previously 
obtained outlines as a list and obtaining the contour box for the cell from the bright-field image.

Live/dead staining of hADMSCs
  Once cells were processed as above, the premixed sol-
ution of AO/PI (100 μL) was added into a 900 μL complete 
medium containing cells. Then, tubes were incubated for 
15 to 20 minutes and transferred into a small petri dish 

containing a complete medium. Fluorescent images were 
taken using a fluorescent microscope. Red and green fluo-
rescent indicated the dead, and living cells, respectively. 
Live/dead staining solution was prepared using premixed 
solution of 10 μg/mL AO, and 50 μg/mL PI. 
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Image acquisition using the microscope
  Cell images were captured using a microscope (ECLIPSE 
Ti2; Nikon). The cell images were taken by shifting the 
position of the plate using 40× magnification. Each 
brightfield image taken by the microscope was triplicated 
in the same position by different filters. For green fluore-
scence (AO), the microscope was fixed at wavelength 446∼ 
486 nm and 500∼550 nm as excitation and emission fil-
ters, respectively. Similarly, PI was detected using an ex-
citation filter of 542∼582 nm and an emission filter of 
582∼636 nm.

Dataset construction
  To use microscope images to fit into learning, Python’s 
OpenCV, a programming library for computer vision, was 
used. In addition, a laptop equipped with a 14-core GPU, 
16 GB RAM, and an M1 Pro chip was used for dataset 
creation and training. The image pre-processing code and 
models used in our study are available online (10). 

Results

Image pre-processing
  Initially, the cell viability was quantitively analyzed in 
LC100 and LC50 groups using CKK-8 assay to validate the 
number of cells viable. It has been shown that CCK-8 
showed 100.00%±3.00%, and 57.11%±2.29% cell viability 
in LC100, and LC50, respectively (Fig. 1A). Furthermore, 
AO/PI data also supported the CCK-8 assay results, indicat-
ing approximately all viable cells and half of the live/dead 
cells in LC100 and LC50 groups, respectively (Fig. 1B).
  Before carrying out cell detection, image processing is 
carried out to construct a training dataset. Noises and de-
tails from images were removed using the Gaussian Blur 
and Canny functions from all bright field, FITC channel, 
and TRITC channel images (Fig. 1C). Gaussian Blur uti-
lizes the weights around pixels based on Gaussian dis-
tribution for removing noise and details that increase the 
softness, developing a more aesthetically visual effect. The 
Canny function is an algorithm to find edges in images 
and it detects points where edges change suddenly. Most 
importantly, noises such as non-cell particles were success-
fully removed and only the edges of the cells remained. 
Altogether, raw images were pre-processed and obtained 
aesthetically enhanced images using Gaussian Blur and 
Canny functions.

Image slice and filtering
  Originally, the resolution of the pre-processed image 
was found to be 2,928×2,928 pixels but recommended size 

by the Teachable Machine is 224×224 pixels. And there 
was the possibility of misinterpreted results because of 
having low-quality captured images. To solve this problem, 
it was necessary to recognize and extract only cells from 
the entire image. Therefore, we wanted to automatically 
distinguish and cut out the region of interest. Most of the 
background noises were removed using the Gaussian Blur 
and Canny functions for FITC channel images and TRITC 
channel images, and then the range for cell locations was 
designated before contouring the images using the Dilation 
function. The coordinate values of cells existing in the im-
age were obtained through the Contour function, and the 
average of cell sizes was manually calculated to make cells 
with values outside the range would be removed in the 
process of automation of cell image segmentation. Contour 
coordinate values were obtained for each of 644 cell ob-
jects to construct boxes surrounding the contours, and the 
approximate sizes of the cell objects were obtained using 
the boxes. Based on the result, the minimum value was 
calculated to be 50,830 pixels, the maximum value was 
calculated to be 468,720 pixels, and the average value was 
calculated to be approximately 109,531 pixels. As various 
types of image processing were performed, the size of cells 
was found to be somewhat different from the original size 
of cells (Fig. 2). Moreover, Experiments 2, 4, 6, and 8 to 
10 applied filtration which showed the removal of un-
necessary small particles but not from non-filtered Experi-
ments 1, 3, 5, and 7. Altogether, image slices and filtering 
of objects could remove small objects from the background.

Image augmentation
  Since the number of images used in training for the ob-
ject recognition process was small, only processed images 
in training were recognized. However, the augmentation 
process may fail to recognize the new images not seen dur-
ing training or it may encounter overfitting issues because 
of excessive learning from training for images. In this 
study, image augmentation applies various transformations 
such as rotating the images to the original images for the 
aforementioned problems. Altogether images were prolif-
erated through the process of rotating cell images by 90, 
180, and 270 degrees.

Training
  In order to compare the results of the experiment di-
versely, training was conducted in a total of 10 types and 
trained the same model, and the ratio of data used for 
training and testing was the same at the ratio of 4：1 
(Supplementary Table S1). Each row represents the char-
acteristics of the dataset used in experiments 1 to 10. 
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Fig. 2. Image contours and slice analysis. Some bright-field images were included in the datasets from Experiments 1 to 8, and the FITC 
and TRITC channel images related to the bright-field images were displayed. The results of objects separated from the bright-field image 
were listed through the coordinate values of the cells obtained from the FITC channel images and TRITC channel images. 

Fig. 3. Classifier analysis. The outcomes of categorizing test data using a model trained on datasets from Experiments 1 to 10 were displayed. 
All image data used in the test were images extracted from Fig. 2. There were models classified with three labels according to learning 
(Experiments 1, 3, 5, and 7). In this case, it has been found that most of the images that were not filtered out in the image-processing 
process were treated as exceptions. 

Among these, experiments 1, 3, 5, and 7 did not apply fil-
tering and added exceptions, dividing them into a total 
of 3 labels. Experiments 2, 4, 6, and 8 to 10 did not use 

Exception labels but were classified into two labels by ap-
plying filtering. Experiments 1 and 2 were conducted with 
a dataset in which the images of single cells were taken. 
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Table 1. Accuracy of data sets using Teachable Machine

Train data
Test data Accuracy (%) Conditions

Green Red Exception

Exp 1 288 218 64 126 92.96 Clear MSC (exception)
Exp 2 288 218 126 94.44 Clear MSC
Exp 3 352 308 80 164 92.93 Unclear MSC (exception)
Exp 4 352 308 164 92.68 Unclear MSC
Exp 5 512 216 80 184 87.75 Fibroblast 1 (exception)
Exp 6 512 216 184 84.78 Fibroblast 1
Exp 7 772 372 80 284 82.24 Fibroblast 2 (exception)
Exp 8 772 372 284 84.86 Fibroblast 2
Exp 9 864 524 348 88.51 MSC＋Fibroblast 1
Exp 10 1,124 680 448 86.61 MSC＋Fibroblast 2

Exp: experiment, MSC: mesenchymal stem cell.

Experiments 3 and 4 were conducted to compare results 
according to image data and carried out with a dataset in 
which the shapes of cells were not compared to the above-
mentioned datasets because cells were not completely caught 
by the camera lens or data in which cells were adjacent 
to each other were included. Experiments 5 to 8 were con-
ducted with a dataset in which the images of fibroblasts 
were taken. In addition, images were processed without 
filtering in Experiments 1, 3, 5, and 7 to check the differ-
ence in cell survival classification performance depending 
on the presence or absence of filtering, and the labels were 
divided into three types: green, red, and exception. In 
Experiments 2, 4, 6, and 8 to 10, images were processed 
by applying filtering, and labels were divided into only 
two types: green, and red labels (Fig. 3). It has been seen 
that most of the images were not filtered out in the image 
processing process and are considered as exceptions.
  The Teachable Machine, a web-based open-source soft-
ware AI tool, was used to check the results of various gen-
erated datasets relatively quickly. The learning parameters 
of the Teachable Machine were set as the number of times 
of learning of 200, a batch size of 16, and a learning rate 
of 0.001. To measure the performances of the six models 
created as such with objective values, the confusion matrix 
was checked (Supplementary Fig. S2) (11). The confusion 
matrix was an indicator used to evaluate the performance 
of classification algorithms in fields such as deep learning 
and enables the user to check whether the given data has 
been classified according to the intent. Interestingly, 
Experiment 2 showed the highest level of true positive rate 
(93.06%) among all experiments. Moreover, the accuracy, 
recall, and F1 score were 0.94, 0.93, and 0.95, respectively 
in Experiment 2. Altogether, it has been shown that 
Experiments 2 and 4 without having exception labels 

showed a higher true positive rate/true negative rate ratio as 
compared to Experiments having exception labels 
(Experiments 1 and 3).

Testing learned features
  Moreover, Experiments 1, 3, 5, and 7 did not apply fil-
tering and added exceptions to divide them with a total 
of 3 labels. Instead, Experiments 2, 4, 6, and 8 to 10 did 
not use exception labels and utilized filtering to classify 
the data with a total of two labels. Experiment 9 was a data-
set composed of the sum of data from Experiments 4 and 
8. Experiment 10 was a dataset composed of the sum of 
data from Experiments 4 and 9. The accuracy shows the 
results of the classification of test data for the trained 
model. It has been found that filtered-applied Experi-
ments 2 and 4 showed relatively higher accuracy as com-
pared to non-filtered Experiments 1 and 3. 
  Interestingly, the average accuracy of datasets from MSCs 
was 93.25% while 84.90% from fibroblast datasets. To fur-
ther validate the accuracy of the Teachable Machine, ex-
periments were carried out using both MSCs and fibro-
blast in one experiment and the results showed the high 
accuracy of its performance with an average of more than 
85% (Table 1). In experiment 2 (only clear MSCs), a total 
of 126 cell image data were tested, and based on the result, 
cell object recognition and survival classification were ac-
curately performed for 119 pieces of data. Through the 
foregoing, it has been seen that the data with unclear cell 
shapes were not completely taken by the camera lens and 
affected the performance of the model. In addition, un-
necessary air bubbles present in the image were removed 
through filtering so that the survival of cells was dis-
tinguished using only two labels: green and red. Therefore, 
accurately extracting and learning only cells from the im-
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age shows higher classification performance than using ex-
ception labels for exception handling.

Discussion

  Automatically determining cell survival based on cell 
shape is closely linked to technologies in machine learning 
like computer vision and deep learning, as well as tech-
nologies in biology and medicine. In biology and medicine, 
current methods for confirming cell survival with staining 
can encounter numerous issues during the staining process 
and can be time-consuming to confirm results as well as 
facing challenges in labeling from a computer vision stan-
dpoint. Labeling is the work of creating an answer sheet 
for given data and is generally a necessary work for object 
recognition. This work is mostly done manually using tools 
such as labeling (12), and not only does it require precise 
work, but also it takes a lot of time. In this study, contour 
functions were used for individual images to automatically 
recognize and classify cell objects in the images without a 
separate labeling process. As a result, labeling work for 100 
images that took approximately 60 minutes when done 
manually was completed within 3 minutes at the maximum 
when the image processing process used in this study was 
applied. Time efficiency was greatly improved compared to 
cases where labeling was carried out manually.
  In this study, cell survivability was assessed depending 
on cell morphology which significantly indicated high accu-
racy, especially in the classification for single cells survival. 
However, when multiple cells were adjacent to each other, 
the contour boxes overlapped and the cells were recog-
nized as one object, which became one of the factors that 
lowered accuracy. In cases where cells are too close togeth-
er, each cell is not recognized as an individual being in 
the image-processing process. To improve this situation, 
the need to create and learn various datasets for cells ad-
jacent to each other was felt, and efforts are being made 
to find optimized kernels in the image processing process. 
Through this process, it is expected that the accuracy of 
cell survival classification can be increased further, and 
the range of utilization can be expanded further. And this 
model can address the problems arising from the cell via-
bility of therapeutic cells such as stem cells, fibroblasts, 
and other cells which limits their functions and increases 
heterogenicity in therapeutic applications (13, 14). 

Conclusion
  The present work addressed the critical need for rapid 
and efficient methods to assess cell viability using AI. This 
model rapidly determined the cell viability efficiently us-

ing visual characteristics of cells, omitting the use of dyes/ 
chemicals, and stability problems. Furthermore, the im-
plications of this study extend the realm of research labo-
ratories to clinical practices, where timely assessment of 
cell viability is indispensable with higher reproducibility 
and minimizing the risk of treatment failure. By enabling 
rapid and accurate viability assessments, this approach 
has great potential to enhance efficiency and reliability in 
the field of cell biology and biomedical research.
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